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Abstract

Optical inverse design faces a dilemma: neural surrogates enable fast, differentiable search
but can yield physically unreliable pseudo-optima, whereas solver-in-the-loop optimiza-
tion is reliable yet costly. Most surrogate methods also trust the surrogate throughout the
search, train separate models for performance prediction and structure optimization, and
remain largely black-box. We propose Physics-Verified Spectral Dreaming (PVSD), a unified
framework for forward prediction, inverse design, and physical interpretability: a frozen
differentiable spectral surrogate “dreams” structural mutations by input-gradient ascent to
explore the design space, while a physical solver adjudicates every accepted update—the
surrogate proposes, physics decides. We instantiate it as PVSD-TMM for one-dimensional
multilayer radiative coolers. The forward predictor attains R? = 0.9936/0.9964/0.9828
for net cooling power, solar reflectance, and primary-window emissivity; neural dream-
ing lifts the population-mean net cooling power of 1000 random seeds from —466.7 to
65.8 Wm~2 (91.4% reaching net cooling), and continuous-thickness refinement with 5 nm
rounding yields a 14-layer manufacturable final design. Independent COMSOL finite-
element and analytic TMM cross-validation converge to Peog) ~ 172 Wm™2, Ryypr & 0.970,
and eyin = 0.9252. This is a full-spectrum radiative-balance result for an idealized radiative-
only case (hcony = 0), not a window-emittance-only metric; PVSD thus achieves high sim-
ulated broadband radiative-cooling performance under the stated assumptions, without
claiming global optimality.

Keywords: radiative cooling; inverse design; deep learning; multilayer thin films; transfer-
matrix method; surrogate model; neural dreaming; cross-solver validation

1. Introduction

Passive daytime radiative cooling dissipates heat to outer space through the 8-13 pm
atmospheric transparency window while reflecting incident sunlight in the 0.3-2.5 um
solar band, achieving sub-ambient cooling with no energy input. It is valuable for building
energy savings, outdoor electronics thermal management, photovoltaic cooling, and low-
carbon thermal control [1,2]. A high-performance daytime cooler must simultaneously
satisfy two seemingly conflicting spectral goals: near-total reflectance in the solar band to
suppress solar heating, and high emittance in the atmospheric window to maximize net
radiative loss to the sky.

Multilayer optical thin films are a classic and practical route to selective radiative
cooling [3]. Compared with complex metasurfaces, randomized photonic metamaterials [4],
and radiative-cooling structural materials [5], multilayers offer a simple one-dimensional
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geometry, mature deposition, a broad material palette, and spectra rapidly computable by
the transfer-matrix method (TMM); they are thus both a realistic device platform and an
ideal model system for validating optical inverse-design methods.

However, multilayer inverse design is intrinsically a high-dimensional mixed op-
timization problem over material identity, layer count, layer order, and thickness. For
M candidate materials, K discrete thicknesses, and N layers, the discrete combinatorial
space alone reaches (MK)N; admitting continuous thickness makes it larger and strongly
non-convex. Traditional black-box optimizers such as genetic algorithms (GAs) and particle-
swarm optimization (PSO) are reliable because they call the physical solver directly, and
have been applied to radiative-cooling multilayers [6-8], but they typically require large
evaluation budgets and rarely explain why a structure works.

Deep learning offers new tools for optical inverse design [9]: tandem networks [10],
generative models (GANs/VAEs/diffusion), reinforcement learning, and surrogate-plus-
optimizer schemes can all propose candidates quickly; recent examples span machine-
learning inverse design of radiative-cooling metasurface emitters [11] and machine-
learning-guided optimization of photonic spectral structures [12]. Yet most do not unify
performance prediction and structure optimization in a single module, remain largely
black-box with limited physical interpretability, and trust the neural surrogate through-
out optimization—scoring or backpropagating against surrogate predictions, at best re-
checking a few final candidates—at the well-known cost of surrogate pseudo-optima: high
predicted performance but poor true physics. An underappreciated point is that this “trust-
without-verification” gap is benign when the true solver is cheap, as for one-dimensional
multilayers, whose TMM gradient is itself exact and inexpensive. It becomes unacceptable,
however, once inverse design moves to expensive three-dimensional electromagnetics
(FDTD/RCWA) or experimental loops, where trusting a possibly biased surrogate is un-
tenable. What is needed, therefore, is not merely a “better surrogate” but a paradigm that
places the physical solver at the core of the optimization loop, letting physics—mnot the
surrogate—adjudicate every update.

DeepDream /neural inceptionism [13] offers exactly such a mechanism on the proposal
side: rather than training a separate generator, one freezes a trained forward model and
optimizes its input by gradient ascent so the output moves toward a target. This suits
multilayers especially well, because a film maps naturally to a material /thickness token
sequence with clear physical meaning per token.

We propose Physics-Verified Spectral Dreaming (PVSD), which makes this proposal
mechanism part of a closed loop between a neural surrogate and a physical solver: the neu-
ral model proposes candidate changes, and the solver verifies every accepted update, so the
surrogate only proposes and physics decides. We instantiate PVSD as PVSD-TMM for mul-
tilayer radiative coolers (Figure 1). The “physics-verified” principle runs throughout—not
only in the TMM-in-the-loop design stage, but also in a post-design cross-solver validation
of the final design (Section 2.10), where COMSOL 6.3 finite-element (FEM) modeling and
an independently implemented analytic TMM re-check the same structure.

Three lines of work are most closely related, which we distinguish to delimit our
contribution. (i) Frozen-surrogate, input-gradient inverse design: Peurifoy et al. [14] train
a forward surrogate and backpropagate to the input to design layered nanoparticle
spectra—mechanistically the same as our “dreaming”—and Kim and Kim [15] likewise
take surrogate input-gradients for one-dimensional multilayers (a neural-adjoint scheme).
Our distinction is not the gradient mechanism but placing a hard physical accept/reject in
every loop iteration and auditing the final structure with an independent solver, so physics,
not the surrogate, governs every accepted update. (ii) Deep-learning multilayer radiative cool-
ers: Zhou et al. [16] inverse-design multilayer coolers by deep learning—closely related to
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our work—and machine-learning- or genetic-algorithm-based designs of radiative-cooling
multilayers also exist [6,8]; together with ours these form a “machine learning + optimiza-
tion for radiative-cooling multilayers” family, and our increment is the physics-verification
loop, population-level evidence (1000 structures), interpretability, and cross-solver auditing
rather than another set of design numbers. (iii) Dreaming as a principled, named method: it
originates in feature visualization and activation maximization [13,17,18] and has been used
for inverse design in molecules [19] and metal-organic frameworks [20]. Input-gradient
ascent itself is not new; to our knowledge, however, the optics and thin-film inverse-design
literature has not commonly framed this strategy as neural dreaming. The contribution here
is its integration with hard solver-based acceptance and post-design cross-solver validation,
demonstrated end-to-end on radiative cooling.

Contributions.

e  PVSD, a physics-verified neural dreaming framework for optical inverse design that
couples differentiable input optimization with closed-loop solver verification.

e PVSD-TMM for 1D multilayer radiative coolers, where every accepted proposed
update is verified by three-angle TMM.

¢  Evidence of population-level optimization, multi-solution diversity, and interpretabil-
ity over 1000 random seeds, same-seed restarts, and attention analysis.

¢ A l4-layer manufacturable final design obtained via Super-DD+Refine, continuous-
thickness polishing, and 5 nm rounding, with post-design COMSOL FEM and analytic
TMM validation giving P.,, ~ 172 Wm~2 under the radiative-only assumption

hconv =0.
Design space Spectral surrogate Neural dreaming A - Manufacturable
(material/thickness learner optimizer (tE?geS-lgi Vlzr%tﬁ;a) refinement
tokens) (LSTM-attention) (input gradient) 9 (polish + 5 nm)
P \\\
Al proposes, TMM verifies — accept only if TMM improves (closed loop)

Figure 1. PVSD-TMM framework: a design space of material/thickness tokens; a frozen spectral
surrogate learner; a neural dreaming optimizer; a physics verifier (TMM); and a manufacturable-
refinement stage. The workflow separates neural proposal generation from solver-based acceptance;
the gray dashed arrow denotes the verifier’s accept/reject feedback to the dreaming optimizer.

2. Results
2.1. Concept: Neural Gradient Exploration, Physical-Solver Adjudication

PVSD resolves the central tension of surrogate inverse design: relying solely on a
neural predictor invites pseudo-optima from predictor error, while relying solely on a
solver makes search costly and undirected. PVSD divides labor: the differentiable surro-
gate supplies update directions; the physical solver retains final adjudication. PVSD-TMM
has five modules: (i) a spectral surrogate learner mapping material/thickness token se-
quences to spectral KPIs; (ii) a neural dreaming optimizer that freezes the surrogate and
optimizes the input token distribution to mutate structures toward target performance;
(iii) a physics verifier that scores each decoded candidate by TMM; (iv) a verified accept—
reject loop that accepts only true-value improvements; and (v) manufacturable refinement
(continuous-thickness polishing, rounding, robustness). The verifier is replaceable—TMM
for multilayers, RCWA /FDTD/FEM for gratings or metasurfaces, even measured feed-
back in an experimental loop. Section 2.10 extends “physics verification” beyond design
completion, to an independent FEM cross-check.
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2.2. The Forward Predictor Builds a Reliable Differentiable Landscape

The forward predictor provides a reliable, differentiable performance landscape for
the subsequent neural dreaming: on 10,000 held-out structures, the parity plots for P,
Rsolar, and ewin cluster tightly on the diagonal against TMM ground truth (Table 1). To
obtain it, we generate 100,000 TMM-labeled multilayer samples, each alternating material
and thickness tokens on a fixed Ag substrate (material pool SiO;, TiO,, SizsN4, MgF;,
Al,O3, HfO,, ZnS, ZnSe, SiC, Ge, Si; thickness tokens 10-2000 nm); the predictor uses an
LSTM with scalar attention pooling and an MLP head, jointly predicting net cooling power
Poo1, solar reflectance Rgpjar, and primary-window emissivity eyin on an 80k/10k/10k
train/val/test split.

Table 1. Forward-predictor accuracy on the held-out test set.

Target R? MAE RMSE
Peool 0.9936 10.85 Wm—2 14.69 Wm—2
Rgolar 0.9964 0.00904 0.01253
Ewin 0.9828 0.02502 0.03642

2.3. Neural Dreaming Optimizes Low-Performing Films into Net Coolers

To show that updates are not black-box jumps, we trace a single low-performing seed.
The initial SiC(200)/ZnSe(1500)/ Al,05(20)/ Ag has P, = —418.1 Wm ™2, Ry, = 0.506,
ewin = 0.224. During dreaming, the frozen predictor supplies input-gradient directions
and TMM verifies each decoded proposal. The final TiO,(2000) /SiO,(1500)/SiO,(20)/Ag
reaches Py = 69.9 Wm™2, Ry, = 0.904, and ey, = 0.700—a 487.9 Wm™2 gain.
Neural gradients steer the structure toward high-performance regions while TMM blocks
surrogate-error-driven unreliable updates (Figure 2).

(@) Prooy (W m~?) parity (b) Ry parity
10

R?=09936 R? = 09964
5

Poa (W
Predictor — £,

Predictor

04 06 08 10 00 02 04 06 08 10
TMM truth — Regjy, TMM truth — £,

() Seed — Final spectrum transmutation Atm. window 8-13 ym
ST 0325 m

50

00
0 200 w00 600 500 1000 03 ‘ 20
Dreaming iteration Wavelength . (um, log scale)

Figure 2. Forward-predictor parity and single-seed optimization trajectory: (a—c) predicted vs. true
Peools Rsolar, and eyin for 10,000 held-out structures (point color indicates local point density); (d) the
Poo1 dreaming trajectory of a single low-performing seed; (e) the same seed’s initial vs. final spectra,
with the solar band and atmospheric window shaded.
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2.4. Same-Seed Dreaming Yields Diverse High-Performing Solutions

A useful inverse-design framework should return many distinct, comparably good
candidates rather than one answer. From five low-performing seeds, each with 12 inde-
pendent DD+Refine restarts (TMM budget 500), all 5/5 seeds yield 12/12 distinct final
structures, and all final structures from these seeds satisfy Py, > 80 Wm~2 (Figure 3).
Multi-solution output enables secondary screening on cost, deposition window, thermal
stability, or environmental compatibility.

(a) 5 bad seeds X 12 restarts = 60 runs, all unique, all > 80 W m > (b) Seed 0: 12 unique structures from one bad seed (seed init = -410)
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Figure 3. Same-seed diversity: from a single low-performing seed, PVSD-TMM finds many dis-
tinct high-performing structures. Footnote values are optimization-time KPlIs; the final design’s

independently verified values are reported in Section 2.8.

2.5. 1000 Random Structures Show Population-Level Performance Migration

Running the pipeline on 1000 random seeds and evaluating all initial and final struc-
tures by three-angle TMM, the population mean and median P, both migrate from
strongly negative to net-positive, with comparable mean and median gains (full values
in Table 2, Figure 4). PVSD-TMM does not merely tune one structure; it pushes an entire
random population from the net-heating regime into net cooling.

Table 2. Population-level performance migration over 1000 random seeds.

Metric Seed Final Change
mean P (Wm™2) —466.711 65.830 +532.541
median Py, (Wm~2) —470.546 77.675 +534.638
mean Rsolar 0.4245 0.9320 +05074
mean Eyin 0.5132 0.7391 +0.2259
Peoo1 > 0 success 0.0% 91.4% +91.4%
P.oo1 > 80 success 0.0% 46.2% +46.2%

The population KPIs are optimization-time values from the original TMM pipeline,
characterizing the population-level migration; the relative migration trends and rankings
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are robust. The final design’s performance is established by post-design cross-solver
validation (Sections 2.8 and 2.10).

(a) Population shift: 1000 random seeds — final designs (b) Per-seed shift (n = 1000, all improved)
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(c) Spectral target migration (200/1000 arrows shown) (d) Threshold success rates (n = 1000)
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Figure 4. Population shift over 1000 random seeds: before/after P, distributions, paired im-
provement, migration in the (Rgpar, €win) plane, and success-rate statistics. Dashed vertical lines in
(a) mark the population means; in (b) the dashed diagonal is the y = x no-change line and the dotted
horizontal line marks the 5 nm champion.

2.6. Attention Reveals a Focus on Thickness Control and Key Materials

From 1000 optimized final structures we extract 23,500 active token attention records.
Thickness tokens receive moderately higher mean attention than material tokens (1.25x;
Table 3, Figure 5). This is consistent with multilayer interference physics: materials set
index contrast and absorption/emission, while thickness sets phase accumulation, cavity
conditions, and peak positions.

Table 3. Attention statistics over 1000 optimized structures.

Item Value
Total structures 1000
Total tokens 23,500
Attention range 0.0007-0.2076
Mean attention, material tokens 0.0163
Mean attention, thickness tokens 0.0205
Thickness/material ratio 1.25x
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Figure 5. Scalar attention interpretability: material and thickness token attention, token-type ratio,
and token-frequency statistics. Colors distinguish materials in (a,d) and token types in (c).

2.7. Same-Seed, Equal-Budget Benchmark (n = 20)

We compare DD+Refine against genetic-algorithm (GA) and particle-swarm (PSO)
baselines under a same-seed, equal-budget, same-evaluator protocol: all methods start
from the same 20 low-performing seeds, use the identical three-angle TMM evaluator, and
are capped at equal numbers of TMM calls (500-5000). We report the mean best P, over
the 20 seeds with its standard error and test each pairwise difference with a Wilcoxon
signed-rank test (paired by seed; a paired f-test gives the same conclusions), as shown in
Figure 6 and Table 4.

Same-seed equal-budget benchmark (n =20, mean + SEM)
DD+Refine > PSO (all budgets); DD+Refine vs GA modest (sig. at 5000)

n.s.
150 A

[

e

ot i
v 140 A

o

o~

]

S1304 .
) —&— DD+Refine
£ -8 oA

2 120+ —— PSO

8

[N

110 A

[

Q

c |

2 1004 F }

90 stars: DD+Refine vs GA (Wilcoxon signed-rank); DD+Refine vs PSO = *** at every budget
500 1000 2000 3000 5000

TMM-call budget

Figure 6. Same-seed, equal-budget benchmark vs. GA/PSO (n = 20 seeds): mean best P, (SEM)
across TMM-call budgets. DD+Refine is significantly better than PSO at every budget (p < 1073);
the DD-vs-GA advantage is modest and reaches significance only at the largest budget. Grey labels
above each budget give the DD-vs-GA Wilcoxon signed-rank outcome (n.s. = not significant, p > 0.05;
** p < 0.01; ** p < 0.001); DD-vs-PSO is significant (p < 10~3) at every budget.
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DD+Refine attains the highest mean at every budget. Its advantage over PSO is
large and significant at all budgets (+24 to +48 Wm ™2, p < 1079). Its advantage over
the stronger GA baseline is smaller and consistent (4+5 to +9 W m~2) but, given seed-to-
seed variability, reaches statistical significance only at the largest budget (p = 4 x 1073
at 5000 calls; not significant at 500-3000). We therefore state the result conservatively:
DD+Refine is competitive with GA—consistently ahead on average but not significantly so at
low-to-moderate budgets—and clearly superior to PSO, at equal TMM budget. (PSO here op-
timizes a continuous re-encoding of the discrete material/thickness space, which likely
disadvantages it; the more informative comparison is against GA.) Consistent with our
framing throughout, the claim is the budget efficiency of the neural proposal mechanism as
a competitive optimizer, not absolute superiority over all optimizers.

For runtime (Table 4), each run’s wall-clock time is dominated by the TMM evaluations
and is therefore comparable across methods at fixed budget: on a single CPU core of the
compute cluster (AMD EPYC), a 500-call run takes ~13-15 s and a 5000-call run ~130-190 s
(DD+Refine ~15 s and ~186 s), with the number of TMM calls equal to the budget by
construction. The per-call solver cost is thus the same for all methods; PVSD’s efficiency
lies in converting a given call budget into higher net cooling power, not in a cheaper
per-call cost.

Table 4. Same-seed benchmark (n = 20): mean best P, (=SEM), DD-vs-GA significance (Wilcoxon
signed-rank), and mean runtime. DD-vs-PSO is significant at all budgets (p < 1073). n.s. = not
significant (p > 0.05); ** p < 0.01.

Budget DD+Refine GA PSO DD vs GA Runtime (DD)
(TMM Calls) (Wm™?) (Wm~2) (Wm~2) (Wilcoxon p) (s)

500 1248 +23 1191+£3.7  101.0£45 0.23 (n.s.) 14.7

1000 1379+24 1321+34 1002+ 6.6 0.076 (n.s.) 30.4

2000 1479+1.6 143.1+25  1002+8.8 0.23 (n.s.) 66.5

3000 1504 +1.8 1434 +2.1 105.5£9.5 0.053 (n.s.) 107.4
5000 1525+1.1 1440+23  111.6£5.5 0.0042 (**) 185.7

2.8. PVSD-TMM Finds a High-Performance Manufacturable Final Design

After the main validation, we perform final-design refinement to obtain a represen-
tative manufacturable structure. Super-DD+Refine identifies a high-performing discrete
structure in the token space; further discrete search yields diminishing improvement.
Fixing the material sequence, we relax the 14 thicknesses to continuous variables and
polish against the official three-angle TMM, then round to a 5 nm manufacturable grid
(Table 5). The 14-layer stack (=9.34 um total on a >200 nm Ag substrate) has the con-
verged, independently cross-validated performance of Table 6. We use this 14-layer design
as a representative demonstration structure throughout the paper; how the net cooling
power depends on the number of layers—and why 14 is a practical rather than an optimal
choice—is examined in Section 2.14.

The energy balance is P.oo] = Praq — Patm — Psolar — Peonv = 282.0 —79.9 —30 -0 =~
172 Wm~2. This value is a full-spectrum radiative-balance result. The final design reflects
nearly all sunlight in 0.3-2.5 pm and emits strongly in the primary atmospheric window,
with eyin = 0.9252 over 8-13 um; additional long-wave emission outside the primary
window also contributes to P,,q and is accounted for through the same atmospheric-
transmittance-weighted balance. Thus, eyin is an important window-selectivity met-
ric, but the reported P,y is established by the complete P.4q, Patm, and Psojo, decom-
position rather than by the window emittance alone. Because Pony = 0 here, this
value should be interpreted as an idealized radiative-only upper-bound performance
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at Tourface = Tambient = 300 K, not as a prediction of open-air operating cooling power
without a heat-transfer model (Figure 7).

Table 5. Final 5 nm rounded manufacturable design.

Layer Material Thickness (nm)
1 ZnSe 160
2 HfO, 570
3 SizNy 160
4 TiO, 2235
5 510, 65
6 TiO; 140
7 510, 45
8 TiO, 1200
9 HfO, 1015

10 SizNy 1200
11 TiO; 135
12 SizNy 1425
13 TiO, 935
14 MgF, 55

Table 6. Converged final-design performance (cross-solver validation).

Metric Converged Value Note
Peool ~172 Wm—2 COMSOL FEM 172.16; analytic TMM ~ 172.8
Rsolar ~0.970 COMSOL 0.9698/TMM 0.9705
Ewin 0.9252 primary-window metric; same three-solver value
Prag ~282.0 Wm—?2 three-way agreement (mid-IR grid-robust)
Patm ~79.9 Wm 2 three-way agreement
Pyolar ~30 Wm 2 from converged Rggjar
Peonv 0 idealized radiative-only case; hcony = 0
(a) 14-layer 5 nm-rounded champion stack (b) Official three-angle TMM spectrum
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12
176
1W m? bound
10 174
Champlon baseline = 17161 Wm
72
e e e B
z ~
3 Lm0
E‘ 06 z
P 3 e s p—
] & = =02 N
g =2
£ o4
Z 166
1705
=09
0. 164
162
00
& o © o R % 2% 5% £10%
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Figure 7. Final 5 nm rounded design: (a) 14-layer stack and KPIs; (b) three-angle spectrum with solar
and atmospheric-window backdrops; (c) layer-wise sensitivity (worst of +1/2/5%); (d) Monte Carlo
robustness (n = 300 per tolerance).
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2.9. Robustness Analysis: Manufacturing Tolerance and Sensitive Layers

To check that the final response is not a non-manufacturable numerical spike, we
analyze rounding, random fabrication error, and single-layer sensitivity, all recomputed
with the same official three-angle TMM. Rounding the continuous final design to the 5 nm
grid changes P, by only 0.2 Wm~2 (171.83 — 171.61), indicating that the structure
is not a fractional-thickness artifact. Monte Carlo independent thickness perturbation
(Table 7) indicates strong tolerance: even at £10%, Py stays at 170.6 + 0.9 Wm~2 (worst
of 300 samples 167.6, i.e., 97.7% of nominal). Single-layer sensitivity (Figure 7c): each
single-layer thickness perturbation (+1/2/5%) reduces P by less than 1 Wm~2 (con-
verged worst case ~0.78 W m~2), with the ultra-thin SiO, /MgF, boundary layers being
the least sensitive.

Table 7. Monte Carlo thickness-error robustness (n = 300).

Perturbation Mean P, Std Worst of 300
+1% 171.44 0.23 170.88
+2% 171.37 0.24 170.71
+5% 171.25 0.46 169.92
+10% 170.55 0.87 167.61

2.10. Independent Cross-Solver Validation

Physics verification should not end with the in-loop TMM accept/reject but should
continue after design completion using solver implementations that are as independent as
practical. We therefore cross-validate the final design using a COMSOL 6.3 Wave Optics
periodic finite-element (FEM) model and a separately implemented analytic Byrnes TMM,
both using the same frozen optical constants (1, k) and the discipline “fix the target metrics
first, solve independently, never tune toward any original KP1.” The FEM validation was
re-checked on a licensed COMSOL installation, with consistent results.

The three solvers give the same reported primary-window emittance (eyin, = 0.9252),
supporting consistency of the key 8-13 um optical metric. The two independent solvers also
corroborate the full-spectrum net cooling power and solar reflectance: P, &~ 172 Wm™?2
(COMSOL 172.16, analytic TMM ~ 172.8) and Ryjar =~ 0.970 (COMSOL 0.9698/analytic
TMM 0.9705). The energy balance Pryo] = Prad — Patm — Psolar — Peonv = 282.0 —79.9 — 30 —
0 ~ 172 Wm 2 closes across the three solvers. This cross-solver closure applies to the same
heonv = 0 radiative-only benchmark used in Table 6. The final design’s performance is
thus supported by the combination of the window optical metric and the complete energy-
balance decomposition rather than by ey, alone, extending PVSD’s physics-verification
principle beyond the design loop to post-design verification.

Cross-validation of additional high-performance candidates. To confirm that the frame-
work’s solution diversity (Section 2.4) is physically real and not a pipeline-specific artifact,
we cross-check five structurally distinct high-performing final structures—spanning six
to eight layers with different material sequences—drawn from the same-seed diversity
runs. Each is evaluated both by the official pipeline and by the independently implemented
analytic Byrnes TMM (here the back reflector is modeled as a finite 200 nm Ag layer with
an air exit, a different modeling choice from the pipeline’s semi-infinite Ag substrate). The
two solvers agree to within 0.01 Wm~2in P,y and to four decimal places in Ry, and
€win for every candidate (Table 8), with recomputed net cooling powers of 137-149 W m~2.
Because the transfer-matrix method is analytically exact for planar multilayers, two correct
independent implementations are expected to agree to numerical precision; the value of
the check is therefore not the size of the (vanishing) discrepancy but that the reported KPIs
of these diverse candidates reproduce exactly under an independently coded solver and an
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independent back-reflector model, ruling out an implementation-specific bias and support-
ing the diversity claim with independent physics. This complements the deeper three-way
validation of the final champion (pipeline TMM, COMSOL FEM, and analytic TMM).

Table 8. Five diverse high-performing candidates: official pipeline vs. independent analytic TMM
(three-angle, fine grid).

Candidate Layers P.o (Wm™2) Pipeline/Indep. Rgo1ar Pipeline/Indep.
C1 7

&win Pipeline/Indep.

C2
C3
C4
G5

[eXNNoclNe BN |

148.84/148.85
142.22/142.23
146.42/146.42
136.43/136.44
137.03/137.04

0.9593/0.9593
0.9622/0.9622
0.9574/0.9574
0.9547/0.9547
0.9583/0.9583

0.8993/0.8993
0.9036/0.9036
0.9000/0.9000
0.8578/0.8578
0.9245/0.9245

2.11. Ablation: What the Physics Verifier and the Neural Proposer Each Contribute

PVSD couples two components—a neural proposer (dreaming) and a physics verifier
(TMM accept/reject). We ablate each to quantify its role, holding the other fixed (Table 9).

The physics verifier catches surrogate pseudo-optima. Over 1313 dreamed proposals
across five independent runs, the in-loop TMM rejects 65.6% (861/1313) as not truly
improving. More tellingly, among the 511 proposals the surrogate itself predicted to be
improvements, 25.6% (131/511) are pseudo-optima—predicted better but verified worse
by TMM—and are blocked by the verifier (mean surrogate optimism —0.14 W m~2, with
individual runs ranging from —1.6 to +1.1). Without the verifier, roughly one in four
surrogate-endorsed updates would inject a physically unreliable structure; the accept/reject
step is therefore not a formality but the mechanism that keeps the search anchored to
true physics.

Neural dreaming proposes better than random under equal budget. Replacing the dream-
ing proposer with random proposals, while keeping the same TMM verifier and the same
evaluation budget, lowers the mean best P,y (five seeds) from 126.4 to 93.1 Wm~?2 at
a budget of 500 TMM calls (+33.3 Wm 2, +36% for dreaming). Random search satu-
rates near 93 W m~2 by 500 calls, whereas DD+Refine continues to improve with budget
(126.4 — 147.3 Wm~2 from 500 to 5000 calls). The gradient-guided proposals thus direct
the verifier’s limited calls into higher-value regions of the design space. Consistent with
the benchmark of Section 2.7, the claim is budget efficiency of the proposal mechanism, not
absolute superiority at unlimited budget.

Table 9. Ablation of the two PVSD components (five same-seed runs).

Ablation Metric Value
65.6% (861/1313)

Verifier off (accept all) surrogate proposals rejected by TMM

Verifier off (accept surrogate-claimed) pseudo-optima caught among claimed 25.6% (131/511)
Proposer — random mean best P.,, @500 calls 93.1 vs 1264 Wm™2
Dreaming, budget scaling mean best Py, @5000 calls 147.3 Wm 2

2.12. Physical Mechanism: How the 14-Layer Stack Cools

To interpret why the design cools—not merely that it does—we decompose its re-
sponse layer by layer. Using an independently implemented analytic TMM [21], we
compute the fraction of incident power absorbed in each layer, A;(A); by Kirchhoff’s law
each layer’s spectral absorptance equals its emittance, so the same A;()) that quantifies
parasitic solar absorption also quantifies thermal emission. The decomposition is internally
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consistent: summed over layers it reproduces the reported totals, }J; éyin,j = 0.9252 and
Y Prad,j = 282.2 Wm™2 (Figure 8).

(a) The stack converts a low-€ Ag mirror into an emitter (b) Window emission is distributed across SizN4 + TiO> layers
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Figure 8. Per-layer mechanism of the 14-layer representative design (three-angle, fine grid): (a) bare
200 nm Ag vs. the full stack in Rypjar and eyin (the stack raises emission, not reflection); (b) per-layer
window-emittance contribution ¢y, j, colored by material; (c) material-grouped emittance spectra;
(d) depth-resolved absorbed-power density at 0.5 and 10 um. Colors denote materials as in the legend
of (b); MgF, and ZnSe contribute negligibly (near-zero bars), and their legend entries are retained
for completeness.

Solar reflection is provided mainly by the silver substrate. A bare 200 nm Ag mirror
already reflects the solar band well (Rqo),r = 0.961) but emits almost nothing in the ther-
mal infrared (ewin = 0.012, Py = 3.9 Wm™2) and therefore net-heats under sunlight
(Peool = —36.1 Wm~2). Adding the 14 dielectric layers raises the solar reflectance only
marginally (0.961 — 0.970), acting as a weak antireflection/interference coating that trims
residual solar absorption from 38.7 to 30.6 W m~2; over 80% of that residual absorption
occurs in the Ag itself. The dielectric stack is thus not a dedicated solar mirror—silver
already fills that role.

The dielectric stack’s essential job is to turn the low-emissivity mirror into a broadband
emitter. The same layers lift the window emittance from 0.012 to 0.925 (~79x) and the total
thermal emission from 3.9 to 282.2 W m 2 (~72x), converting a net-heating mirror into a
+172 Wm~2 cooler. Depth-resolved profiles are consistent with this division of labor: at
0.5 um the absorbed-power density peaks inside the silver, whereas at 10 um it peaks in
the dielectric stack (layer 3, Si3Ny).

Window emission is a distributed, multilayer effect—and not the textbook SiO; phonon
route. The 8-13 um emittance is shared across several layers rather than localized in
one emitter: layer 3 SizNy (30.8%), layer 4 TiO; (28.6%), layer 10 SizNy (16.9%), layer 12
Si3Ny (8.6%), and layer 8 TiO; (7.1%) together supply ~92% of eyin. By material, SizNy
contributes 56% and TiO, 37%, while SiO,—the Si-O phonon emitter most commonly
invoked in radiative-cooling coatings—appears here only as ultra-thin (45-65 nm) spacer
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layers and contributes just 3.6%. The design instead emits through Si3Ny lattice absorption
and TiO; mid-infrared absorption spread over multiple layers. This also explains the
robustness result of Section 2.9: the ultra-thin SiO, /MgF, boundary layers are the least
sensitive precisely because they are thin spacers, not primary emitters.

The non-obviousness of this mechanism is itself evidence for automated search. The
resulting stack does not follow the intuitive “metal mirror plus a thick SiO, phonon emitter”
motif that a designer would be inclined to hand-pick; it distributes emission collaboratively
across Si3sN4 and TiO; layers and relegates SiO, to a minor role. That a high-performance
design sits in this counter-intuitive region of the space is a concrete reason why a guided
search such as PVSD is useful: had the optimum coincided with the textbook motif, an
automated proposal-and-verification loop would add little. We emphasize that the per-
layer figures are an absorbed-power decomposition of a coherently interfering stack, not
an assertion that each layer acts in isolation; they identify where absorption and emission
are concentrated, not independent sub-devices.

2.13. Angular Robustness

Daytime cooling requires performance to hold as the sun and sky span a range of
angles. We evaluate the champion’s directional response from 0 to 80° on the same fine grid
(unpolarized, since sunlight and thermal radiation are unpolarized); Figure 9 and Table 10
summarize the result.

(a) Solar reflectance angle-flat; (b) Directional net cooling vs angle
window emittance rolls off at grazing angles (diagnostic; operating power is hemispherical)
1.0 §
0.8 —~
b
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Figure 9. Angular response of the 14-layer representative design (unpolarized, fine grid): (a) Reojar(0)
and i (0) from 0 to 80°; (b) directional net cooling vs. angle (diagnostic; the operating value is the
hemispherical 171.6 Wm2).

Two behaviors emerge. The solar reflectance is essentially angle-independent: Rggay
changes by less than 0.005 from normal to 80° (0.969 — 0.966), so oblique sunlight is
rejected as effectively as normal sunlight—a direct consequence of the silver mirror, which
reflects the solar band well at all angles (Section 2.12). The window emittance is stable through
the operationally important range and then declines at grazing angles, as expected for a planar
thin-film emitter: ey, drops by only 0.012 out to 40° (0.954 — 0.942) and by 0.055 out to
60° (0.899), before the usual rolloff beyond 60° (0.82 at 70°, 0.60 at 80°).

We report the full curve, including the grazing-angle decline, rather than truncating it:
the decline is the physically expected behavior of a planar multilayer and does not affect
the hemispherically integrated metric. As an internal consistency check, the three-angle
(0/45/75°, weights 0.5/0.4/0.1) average of the directional emittance is 0.92, matching
the hemispherical ey, = 0.9252 used throughout the paper; the angular analysis and
the headline metric are therefore mutually consistent. In summary, the design is strongly
angle-insensitive in solar reflection and retains high window emission across the practically
relevant angular range.
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Table 10. Champion directional optical response vs. incidence angle (unpolarized).
Angle 0° 40° 60° 70° 80°
Rsolar 0.9692 0.9676 0.9655 0.9648 0.9658
Ewin 0.9537 0.9421 0.8988 0.8164 0.6001

2.14. The Role of Layer Count and the Choice of a Representative Design

The 14-layer stack studied throughout this paper is a representative demonstration
structure, not a claimed optimal layer count. To make this explicit we map how net cooling
power depends on N. Starting from the 14-layer design (re-verified at 172.5 W m~2 on the
fine grid), we greedily reduce N by removing the least-important layer and re-polishing,
and greedily increase N by inserting the best material /position and re-polishing; each point
is re-optimized and re-verified with the official three-angle TMM (Figure 10, Table 11).

Net cooling power increases with layer count;
14 layers is a representative demonstration design

180 A
175 A
o)
2
© 170 A
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2 165 (~1 W m~Z/layer); =180 at N =20
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Figure 10. Net cooling power vs. layer count N (anchored greedy prune/grow from the representative
14-layer design; fine grid, three-angle). P, increases with N (to ~#180 Wm~2 at N = 20); the 14-layer
design is a representative demonstration case, not the optimal count.

Net cooling power increases with N across the range studied—from 143 Wm 2 at
N = 4 to about 180 Wm 2 at N = 20—and does not level off to a single optimum within
N < 20. Below roughly ten layers the gain per added layer is large (each early layer is
essential); above N ~ 12 the improvement is gradual, of order 1 Wm~2 per layer, partly
reflecting the additional optimization freedom that more thicknesses provide.

We therefore do not claim that fourteen layers is the globally optimal count: designs
with more layers reach a somewhat higher simulated P, (for example ~180 Wm~2 at
N = 20). Fourteen layers was chosen as a practical balance—it already lies in the high-
efficiency part of the curve, while further layers yield diminishing returns at the price of
more deposition steps and tighter tolerance stack-up. This positioning is consistent with
the rest of the paper, which makes no global-optimality claim for the specific structure
(Sections 2.8 and 3); the reported ~172 W m™2 is the verified performance of this represen-
tative 14-layer design, not an upper bound over all layer counts. Read the other way, the
steady improvement of P.,, with N is itself evidence that PVSD finds strong structures at
every layer count we tried, not only at N = 14—the framework is not tuned to one fortunate
size. Extending to still larger N is left as future work, bounded in practice by the number
of layers a deposition process can reliably realize.
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Table 11. Net cooling power vs. layer count N (anchored greedy prune/grow from the representative
14-layer design; fine grid, three-angle TMM).

N 4 8 12 14 16 20
Proot (Wm~2) 143.1 168.2 173.1 172.5 174.4 179.7

3. Discussion

PVSD-TMM changes the relationship between neural models and physical solvers
in optical inverse design. Conventional surrogate inverse design uses the network as a
performance evaluator, which is easily misled by model error; PVSD casts the network as a
proposal generator and the solver as the verifier, so final performance is determined entirely
by TMM and the model only improves candidate-generation efficiency. Multilayers are a
useful testbed because the structure is naturally a token sequence with one physical layer
per token, TMM is fast enough to embed in every accept/reject step, and attention weights
and optimization paths map directly back to materials and thicknesses. The framework
extends to RCWA /FDTD/FEM or experimental-loop solvers by swapping the verifier. The
positioning is efficiency at low-to-moderate evaluation budgets, not absolute replacement
of all optimizers at unlimited budget; for expensive 3D electromagnetic or experimental
loops, the solver-in-the-loop direction is more valuable.

The reported ~172 Wm~2 should be read as a cross-solver-verified simulation
in an idealized radiative-only boundary condition (hcony = 0)—COMSOL FEM (re-
checked on a licensed installation) and an independent analytic TMM—not as a mea-
surement or as a direct outdoor cooling-power prediction. In real devices, finite conduc-
tion/convection with the mounting, air enclosure, wind shield, and surrounding air would
add Peonv = heonv ( Tsurface — Tambient) OF an equivalent nonradiative heat-transfer term, and
the operating temperature or useful cooling power must be recomputed for the chosen
system-level hicony.

Figure 11 situates PVSD-TMM among representative machine-learning and optimiza-
tion approaches to radiative-cooling multilayer films. Because these works differ in material
set, layer count, spectral and atmospheric models, and solver, their simulation-reported
values are not directly comparable; we therefore draw no superiority claim and present the
figure only to locate our method within this family.

Non-Ideal Convective Boundary and Sub-Ambient Operation

The ~172 Wm~2 result assumes the idealized radiative-only boundary heony = 0.
To connect it to realistic operation we add a nonradiative heat-transfer term and sweep
heony from 0 to 20 Wm 2K ™!, using the champion’s own hemispherical emittance and the
standard sub-ambient balance

Pnet(Ts) = Prad(Ts) - Patm(Ta) - Psolar - hconv (Ta - Ts)/ (1)

where the nonradiative term heony (T, — Ts) is a parasitic heat gain when the surface is
below ambient (Figure 12).

Two points follow. First, the net cooling power at ambient temperature (Ts = T,) is
independent of hiony and equals the reported ~172 W m~2; the convective term vanishes
at AT = 0, so the headline value does not depend on the choice /icony = 0. Second, what
heony controls is the achievable sub-ambient temperature: solving Ppet = 0 gives a stagnation
AT = T, — T of =55 K in the idealized radiative-only limit (fcony = 0)—an upper bound
that is not physically realizable, reported only as a limiting case—falling to ~20 K at
heony = 5, ~12 K at 10, and ~7 K at 20 Wm 2K 1.
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Realistic passive setups with wind shielding correspond to heony & 6-12 Wm 2K 1,
ie., AT ~ 10-15 K, in the range of typical measured daytime sub-ambient drops. A full
building- or apparatus-scale coupling (for example an EnergyPlus model with a specific
enclosure, wind shield, and weather file) is beyond the scope of this optical-design study
and is left as future work; the physical /icony SWeep here is the appropriate, self-consistent
way to place the idealized 172 W m~2 in operational context and to make explicit that it is a
radiative-power upper bound, not an open-air temperature prediction.

1D planar multilayer radiative coolers: net cooling power vs year
Selective designs are capped by the ~140 ceiling; broadband emission reaches the 140-224 regime
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(172) enters the broadband-only regime (140-224), at 77% of the 224 broadband ceiling.

Selective emitters optimize for sub-ambient temperature reduction (low T_eq) at the cost of lower at-ambient power; broadband emitters (this
work) optimize at-ambient net cooling power. This figure compares the at-ambient net-power metric; the two represent different application
objectives, not a performance hierarchy.

Notes: Raman 2014 includes h_c = 6.9 W/m?K convective loss (30° tilt), hence lower; Rephaeli 2013 is theoretical (RCWA, h=0) but its emitter is a
2D photonic crystal (not pure 1D) - reference only. Dry atmosphere (Mauna Kea PWV 1.6 mm) sets these ceilings; standard-atm single-faced limit
(Gan 2020) = 157.

Figure 11. Positioning of PVSD-TMM within the machine-learning-and-optimization family of
radiative-cooling multilayer designs. Sources: Raman et al. [1]; Rephaeli et al. [3]; So et al. [6];
Yang et al. [22] (LiF); and Zhou et al. [23] (“Gan 2020”). Heterogeneous methods and conditions
preclude direct comparison; no superiority is claimed.
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Figure 12. Non-ideal convective boundary for the 14-layer representative design: (a) equilibrium
sub-ambient AT vs. heony (the i =0, 55 K value is an idealized upper bound); (b) net cooling power
held 5 K below ambient. The at-ambient power (AT = 0) is 171.6 W m2, independent of Jicony .
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Broadband versus spectrally selective emission. The reported ~ 172 W m~?2 is a broadband
net cooling power evaluated at Tgyrface = Tambient: the design emits strongly across the
whole thermal infrared, not only in the 8-13 um window (see the per-layer decomposition
of Section 2.12, where HfO, also emits beyond 13 pm). This is the natural figure of
merit when the goal is to reject the most heat at ambient temperature. It is a different
objective from that of spectrally selective emitters, which deliberately suppress emission
outside the atmospheric window so that, once the surface cools below ambient, they absorb
less returning atmospheric radiation and can reach a lower stagnation temperature. The
172 W m~2 value should therefore not be read as uniformly “better” than selective designs:
a broadband emitter maximizes net cooling power near ambient, whereas a selective emitter
trades peak power for a larger sub-ambient temperature drop. This is consistent with our
equilibrium-temperature analysis above: the broadband design delivers high power at
AT = 0, but its achievable sub-ambient AT shrinks once a realistic nonradiative heat-
transfer coefficient is included. Which objective is preferable is application-dependent—net
heat rejection at ambient (e.g., a surface held near air temperature) versus maximum
sub-ambient cooling (e.g., a passively chilled enclosure)—and PVSD can target either by
changing the KPI it optimizes, since the framework places no restriction on the objective
the solver scores.

The work most closely related to ours is Zhou et al. [16], who also use deep learning
to inverse-design multilayer thin films for radiative cooling. To make our incremental
contribution explicit, Table 12 contrasts the two approaches along the dimensions of pro-
posal mechanism, acceptance criterion, solver role, interpretability, validation depth, and
reported outcomes. The central distinction is where physics enters: in [16] a forward neural
surrogate trained on an FDTD dataset predicts spectra and the design is selected from those
predictions, whereas PVSD keeps a physical solver inside the optimization loop—every
accepted update is verified by three-angle TMM—and additionally audits the final design
with independent solvers (COMSOL FEM and a separately implemented analytic TMM).
The two contributions are complementary rather than competing; our added value is the
per-candidate physics verification, the population-scale and cross-solver evidence, and the
token attention interpretability, not another single high-performing design.

Table 12. Systematic comparison of PVSD-TMM (this work) with Ref. [16]. “Not reported” denotes a
dimension the cited paper does not explicitly address.

Dimension

PVSD-TMM (This Work)

Zhou et al. [16]

Proposal mechanism

Frozen forward surrogate optimized by
input-gradient “dreaming” (neural-adjoint-style)

Forward MLP surrogate predicts spectra;
selection of the optimum from predictions

Acceptance criterion

Every accepted update verified in-loop by
three-angle TMM (propose — solve —
accept/reject)

Surrogate-prediction-driven; a per-candidate
in-loop solver check is not reported

Solver role

TMM in the loop; plus post-design COMSOL FEM
and independent analytic TMM audit

FDTD used to generate the offline
training dataset

1D multilayer daytime radiative cooler

1D multilayer radiative cooler

Target application (11-material pool, 14 layers) (W/SiO, /Si3sNy/Ge, ~6 layers)
Interpretabilit Scalar token attention analysis + per-layer Physics-based field / power-dissipation analysis
P y absorption mechanism decomposition (no ML-interpretability method)
1000-seed population migration; 5 extra candidates ~ 8000-sample hold-out (R? = 0.999);
Validation depth cross-checked; champion validated by independent cross-solver validation of the final

three solvers

design not reported

Reported outcome

Full energy balance: Pyyo) = 172, Rygar =~ 0.97,
ewin = 0.925 (idealized hcony = 0)

€win = 0.855 (8-13 um), 3-8 um band = 0.23;
net cooling power/AT not reported
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4. Methods
4.1. Performance Metrics and TMM Evaluation

Spectra are computed by the official TMM pipeline at Tyyrface = Tambient = 300 K,
heonv = 0, Ag substrate, and three-angle integration. The choice hcony = 0 defines a
radiative-only benchmark used to compare optical designs and to estimate an upper-bound
ambient-temperature cooling power. It does not model a particular outdoor apparatus.
Net cooling power is P.oo] = Prad — Patm — Psolar — Peonv, Where Pyoq and Py are evalu-
ated from the full thermal-infrared spectrum used in the energy balance. For practical
devices, the same spectra should be combined with a finite nonradiative heat-transfer
model, e.g., Peonv = Hheonv(Tsurface — Tambient) OF @ measured system heat-transfer coeffi-
cient, before predicting the operating temperature or delivered cooling power. R}, is the
AM1.5G-weighted normal reflectance; eyip, is the blackbody- and transmittance-weighted
hemispherical emittance over the primary 8-13 um atmospheric window and is reported
as a window-selectivity metric, not as a substitute for P.,,. The AM1.5G spectrum is
ASTM G-173-03 (SMARTS2, global-tilt, ~1000 W m~?2) [22]. The atmospheric transmittance
is generated by ATRAN [23] (Gemini Observatory; Mauna Kea, PWV =~ 1.6 mm); it enters
only Paim, with a three-way-confirmed effect of <0.13 W m~2.

4.2. Dataset, Predictor, Dreaming, Refinement

The dataset has 100,000 TMM structure—performance samples (80k/10k/10k), each
encoded as an alternating material / thickness sequence with PAD tokens. The predictor
uses embedding/noisy-one-hot projection, an LSTM, scalar attention pooling, and an MLP
head, jointly outputting P.oo1/ Rsolar / €win-

Token representation and differentiable relaxation. Each structure is encoded as
an alternating sequence of material and thickness tokens on a fixed Ag substrate,
[mq,t1,my, by, ..., my,tN], zero-padded to a maximum of Nmax = 20 layers. Material
tokens are drawn from the 11-element dielectric pool; thickness tokens are quantized to
12 discrete levels, {10, 20, 50, 100, 150, 200, 300, 500, 750, 1000, 1500, 2000} nm, giving a token
vocabulary of 11 + 12 + 1 = 24 classes (the last is a PAD token). During dreaming the dis-
crete input is relaxed to a differentiable form: every token position carries a class-probability
vector—a noisy one-hot distribution over the 24 classes—and input-gradient ascent updates
these probabilities, while a projection step keeps each position on the valid probability
simplex and suppresses the PAD columns of occupied positions. For TMM evaluation the
relaxed distribution is decoded to a concrete structure by per-position argmax. The 12-level
thickness grid is used only for this discrete proposal stage. After the discrete design is fixed,
its material sequence is frozen and the N thicknesses are optimized as continuous variables
against the official three-angle TMM (Section 2.8), which moves them off the 12-level grid,
before a final rounding to a 5 nm manufacturable grid. This two-stage scheme—coarse
differentiable proposal on 12 bins, then continuous physics-in-the-loop refinement—is why
the final thicknesses (Table 5) are not multiples of the coarse dreaming grid.

Dreaming freezes the weights and optimizes only the input token distribution: seed
— tokenize — differentiable noisy input — frozen forward pass — input-gradient update
— decode — TMM evaluation — accept only if TMM improves. After the final discrete
design’s material sequence is fixed, only continuous thicknesses are optimized against
the official three-angle TMM, then rounded to a 5 nm grid and re-verified. Robustness
uses rounding, Monte Carlo independent perturbation, and layer-wise sensitivity, all re-
evaluated by the same pipeline. Al-assisted tools were used for code implementation,
manuscript formatting, and language editing (see Acknowledgments); all numerical results
were computed and independently cross-verified by the authors” physics solvers (the
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in-house TMM, an independent analytic Byrnes TMM, and COMSOL Multiphysics), not
by AL

4.3. Cross-Solver Validation Protocol

Two solver paths check the final design: (i) a COMSOL 6.3 Wave Optics 2D periodic
FEM model with Floquet boundaries and a PeriodicStructure port, meshed to 5 nm at
the thinnest metal layer (overall imax = 50 nm) [24]; (ii) a from-scratch analytic Byrnes
TMM [21]. Both use the same frozen (n, k) data [25,26]. For the validation audit, target
metrics were fixed before re-solving, and no model parameters were tuned toward the
original KPIs.

5. Conclusions

We presented Physics-Verified Spectral Dreaming (PVSD), which couples a differen-
tiable surrogate’s directional search with solver-based acceptance, turning inverse design
from unconstrained surrogate search into a physics-checked proposal-and-verification
workflow. For multilayer radiative coolers, PVSD-TMM is effective in forward prediction,
single-structure optimization, same-seed diversity, 1000-structure population migration, at-
tention interpretability, and a fair benchmark. Via Super-DD+Refine, continuous-thickness
polishing, and 5 nm rounding, we obtained a 14-layer final design and cross-validated it
using COMSOL FEM and analytic TMM to Py &~ 172 W m~? for the radiative-only case
heonv = 0, Reolar = 0.970, and eyin = 0.9252. The window metric is confirmed three ways,
while the high simulated cooling power is assessed from the full-spectrum energy balance.
Finite nonradiative heat exchange must be added for apparatus- or application-specific
operating predictions. This provides a generalizable workflow combining neural pro-
posal generation, fast physical solvers, and interpretable optical design, with post-design
cross-solver validation supporting the final structure’s reliability.
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