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ABSTRACT

First-principles calculations provide detailed electronic structure information but
are computationally expensive, limiting their application to large-scale materi-
als screening. Machine learning offers a promising alternative, yet existing ap-
proaches typically predict density of states (DOS), element-projected DOS (EP-
DOS), Fermi level, and band gap using separate models, missing potential syn-
ergies between these interrelated quantities. We propose DOSForge, a multi-task
architecture that exploits such synergies via cross-conditioning between decoders
and parameter-free band gap supervision. Experiments show consistent gains
across all four targets (DOS, EPDOS, Fermi level, and band gap), whereas naive
multi-task baselines exhibit clear trade-offs across targets. DOSForge achieves
state-of-the-art DOS prediction and demonstrates that principled multi-task de-
sign can turn competing objectives into mutual gains.

1 INTRODUCTION

Understanding the electronic structure of crystalline materials is essential for predicting their func-
tional properties. First-principles methods such as density functional theory (DFT) (Kohn & Sham),
1965) provide rigorous electronic structure calculations, but their computational cost limits their
application to large-scale materials discovery. Machine learning has emerged as a promising alter-
native, enabling rapid prediction of material properties directly from crystal structures, from scalar
quantities like band gap (Dunn et al., 2020) to full spectral outputs like density of states (Bai et al.,
2022; [Lee et al.l 2023} [Xie et al., [2025)).

Among various electronic-structure descriptors, we focus on the following interrelated quantities.
The density of states (DOS) describes the distribution of electronic states across energy levels, pro-
viding direct insight into band gaps, metallicity, and transport properties. Element-projected DOS
(EPDOS) decomposes this spectrum by atomic species, revealing which elements contribute at each
energy level. This decomposition is critical for understanding bonding character and guiding com-
positional design. The Fermi level sets the reference for electronic state occupation, while the band
gap largely governs optical and electronic behavior. These quantities arise from the same underly-
ing electronic structure and satisfy known physical relationships: element-wise contributions ideally
sum to the total DOS, and the band gap corresponds to the zero-density region around the Fermi
level.

Existing machine learning approaches typically predict these quantities using separate models or
derive secondary properties from predicted spectra via post-processing steps. While some methods
acknowledge relationships between the quantities, prior architectures have not been designed to ex-
ploit multi-task synergies, and simply adding auxiliary objectives can hurt performance (Xie et al.|
2025)).This often results in trade-offs where improving one task degrades another. We propose DOS-
Forge (Figure|[I), a multi-task architecture that addresses this challenge through cross-conditioning
and parameter-free band gap supervision.
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butions, while global spectral context constrains Fermi level, and band gap from crystal structure.
EPDOS by enforcing consistency with the overall electronic structure. The band gap is extracted
directly from the predicted DOS, avoiding additional learnable parameters that could conflict with
spectral prediction. The Fermi level is predicted via attention pooling over encoder outputs. Experi-
ments demonstrate that DOSForge achieves state-of-the-art DOS prediction while jointly predicting
EPDOS, Fermi level, and band gap in a physically consistent manner.

2 RELATED WORK

Graph neural networks for materials have advanced from predicting scalar properties (Xie & Gross-
man, 2018} |Choudhary & DeCost, [2021) to full spectral quantities such as DOS. Mat2Spec (Kong
et al.,[2022)) encodes crystal graphs into probabilistic embeddings and decodes DOS via contrastive
learning. Xtal2DoS (Bai et al. [2022) improves upon this by introducing cross-attention, where
learnable energy queries attend to atomic embeddings. DOSTransformer (Lee et al.l [2023) ex-
tends this formulation by predicting DOS and then estimating band gap and Fermi level from the
predicted DOS, but these secondary predictions rely on post-processing models rather than being
trained end-to-end. EqDOS (Xie et al.| [2025) predicts atom and orbital-projected DOS using equiv-
ariant networks, but does not perform fully joint optimization of these targets; it also reports that
adding auxiliary objectives can degrade DOS accuracy, highlighting the difficulty of effective multi-
task learning. DOSForge addresses this challenge through structured decoder interactions, enabling
joint prediction with mutual benefit.

3 METHODOLOGY

3.1 PROBLEM FORMULATION

Given a crystal structure M = (A, P, L) (Yan et al.,[2024) with atomic features A € R%*" for n
atoms, positions P € R3*™, and lattice matrix L € R3*3, we jointly predict:

* DOS d € RZ on a uniform grid of T=256 bins over [—10, 10] eV relative to the Fermi level

» Element-projected DOS {d; € RZ}ce, also on a uniform grid of T=256 bins, where £ is the
set of element types present in the structure
 Fermi level Er € R and band gap F; € R>q

These quantities are physically related: EPDOS contributions ideally sum to DOS, both represented
relative to the Fermi level, and band gap corresponds to the zero-density region in DOS around the
Fermi level. Our goal is to design an architecture that exploits these relationships to enable effective
joint prediction.

3.2 CROSS-CONDITIONING
(a) Parallel (b) EPDOS—DOS

Standard multi-task learning uses shared encoders
with independent prediction heads, enabling only im- (
plicit information sharing. To enable direct informa- “=------
tion exchange between DOS and EPDOS predictions,
we explore different coupling strategies between their
decoders (Figure[2). In (a), both outputs are predicted
in parallel with no coupling. In (b), EPDOS is ag-
gregated into DOS, providing bottom-up information
flow; this improves DOS prediction. In (c), DOS in-
forms element decomposition via top-down flow; this
improves EPDOS prediction. Observing that (b) and Figure 2: Information flow variants.
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Figure 3: DOSForge architecture. After L; blocks, DOS and EPDOS streams exchange repre-

sentations before branch-specific Lo blocks. Intermediate outputs (dm, 32‘) are supervised at the
exchange point.

(c) each benefit different tasks, we design cross-conditioning (d) to achieve gains on both. In
this unified architecture, both decoders mutually exchange intermediate representations, integrat-
ing bottom-up element aggregation with top-down spectral guidance.

3.3 DOSFORGE ARCHITECTURE

Figure [3|shows the DOSForge architecture. Crystal structures are encoded using iComFormer (Yan
et al., [2024), a graph neural network that constructs E(3) invariant complete graph representations,
producing atomic embeddings H = {h;}I_, where h; € R?. Spectra are decoded using N,=32
learnable energy patch tokens that attend to these embeddings via sigmoid-gated cross-attention.
For DOS, all atoms serve as keys and values; for EPDOS of element #, only atoms of that element
are included. After L, transformer blocks, the two streams exchange intermediate representations:
element spectra aggregate into a DOS initializer via scatter-sum along elements, while the DOS rep-
resentation broadcasts to each element group. Each stream then continues decoding for Lo blocks.
The Fermi level is predicted via attention pooling over encoder outputs. Architecture and training
details are provided in Appendix [A]and [B]

3.4 BAND GAP EXTRACTION WITH PARAMETER-FREE SUPERVISION

Predicting the band gap with a separate learnable head can cause gradient conflicts with DOS pre-
diction, as both objectives compete for the shared encoder. We instead extract the band gap directly
from the predicted DOS, introducing no additional learnable parameters, so that band gap supervi-
sion regularizes the DOS rather than competing with it. While the band gap is well-defined physi-
cally, its conventional extraction from a discretized DOS relies on non-differentiable operations such
as indicator functions and hard edge detection. We address this via soft edge detection through cu-
mulative integration. Starting from the Fermi level, we accumulate the DOS outward into both
left (L; decreasing energy) and right (R; increasing energy) directions. Within the gap, the running
integral stays near zero; once band states are reached, it increases rapidly.

Let d;, and di denote DOS values on energy bins ordered outward from Er to lower and higher
energies, respectively. We approximate the gap as

E, = [Zl ReLU(1 — k - cumsum(dy);) + >_,; ReLU(1 — k - cumsum(dR)j)] AE, (1)
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Figure 4: Selected test-set predictions for metallic (left) and non-metallic (right) materials. Solid:
prediction, dashed: DFT. Panels report WD, MAE, and errors for Er, Eg, E;’“.

where cumsum(d); := Zizl (d); is a cumulative sum from Er outward, AE is the bin width, and
k controls the transition sharpness. This extraction enables gradients from the band gap loss to flow
through the predicted DOS to the shared encoder (details in Appendix [A-4).

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Dataset. We use 62,964 structures from the Materials Project (Jain et al., [2013) spanning 84 ele-
ments, excluding noble gases. Data is split 7:1.5: 1.5 for train/validation/test, stratified by point
group. DOS and EPDOS are aligned to the Fermi level and interpolated onto a uniform grid of
T=256 bins over [—10, 10] eV using PCHIP (Fritsch & Carlsonl |1980) to preserve spectral shape.

Baselines. Baselines include Xtal2DoS (Bai et al., [2022), DOSTransformer (Lee et al., [2023), and
EqDOS (Xie et al., [2025), all trained using publicly available code. For ablations, variants include
single-task models, parallel multi-task (shared encoder, separate heads), and the four conditioning
configurations from Figure 2]

Metrics. For spectral outputs (DOS, EPDOS), we use Wasserstein distance (WD) as the primary
metric. DOS and EPDOS exhibit many sharp peaks, making point-wise metrics like MAE overly
sensitive to small peak position shifts even when the overall spectral shape is preserved. WD
measures the minimum cost to transform one distribution into another, making it more robust to
small peak misalignments while capturing global shape similarity. Scalar targets (Fermi level, band
gap) are evaluated using MAE. We additionally report E;’“ (MAE), computed by a simple non-
differentiable threshold-based edge scan (Appendix [A:4) to measure how well the predicted DOS
exhibits a clear gap.

4.2 DOS PREDICTION

Table [T| compares DOSForge against prior DOS predic- Table 1: DOS prediction performance.

tion methods. DOSForge achieves state-of-the-art per-

formance, reducing Wasserstein distance by 11.6% rel- Method MAE MSE R? WD
ative to the best baseline (DOSTransformer: 6.45 —  Xtal2DoS 324 832 475 6.82
5.70) and MAE by 13.4% (3.20 — 2.77). This im- DOSTransformer 3.20 822 .463 6.45
provement comes from multi-task learning with cross- EgqDOS 326 973 .342 104
conditioning, which we analyze in the next section. Fig- DOSForge 277 821 495 570

ure [4] shows selected predictions; Appendix [C| provides
examples across performance percentiles.
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Table 2: Effect of task scope and conditioning direction. Single: separate per-task models. Parallel:
shared encoder, independent heads. Best in bold. £¢*': band gap extracted from predicted DOS.

Tasks Model DOS (WD |]) EPDOS (WD|) Er (MAE|) E,(MAE)) E‘;’“ (MAE |)
1-task Single 6.543 8.401 0.229 0.189 0.284F
Parallel 6.080 8.746 - - 0.261
2-task EPDOS—DOS 5.788 8.709 - - 0.247
DOS—EPDOS 6.290 8.293 - - 0.257
Cross-cond. 5.783 7.932 - - 0.232
Parallel 6.218 8.889 0.211 0.178 0.240
4-task DOSForgei 5.733 7.953 0.217 0.192 0.196
DOSForge 5.702 7.835 0.217 0.171 0.171

TExtracted from DOS (Single). ¥Learned MLP head for band gap instead of extraction from predicted DOS.
4.3 MULTI-TASK SYNERGY ANALYSIS

Table[2]compares single-task baselines, 2-task variants (DOS + EPDOS), and 4-task joint prediction.
Single combines results from four separate per-task models. Parallel uses a shared encoder with
independent heads; the band gap is predicted via learned attention pooling from the encoder, using
the same head design as for the Fermi level. DOSForge uses cross-conditioning and parameter-free
band gap extraction; DOSForge! replaces the latter with a learned MLP head.

Cross-conditioning enables mutual improvement. We first analyze the conditioning direction
(Figure [Za~d) in the 2-task setting. (a) Parallel improves DOS over Single but degrades EP-
DOS, revealing a trade-off in naive multi-task learning. Unidirectional conditioning shows that
(b) EPDOS—DOS significantly improves DOS (6.54 — 5.79) but worsens EPDOS, while (c)
DOS—EPDOS improves EPDOS (8.40 — 8.29) but DOS falls below Parallel. Each direction ben-
efits primarily the receiving task, leaving the other unchanged or degraded. (d) Cross-conditioning
resolves this trade-off, achieving the best among all 2-task methods and substantially improving
both DOS (6.54 — 5.78) and EPDOS (8.40 — 7.93).

4-task learning further improves all predictions. Jointly predicting Fermi level and band gap
extends the improvement: DOSForge achieves the best DOS (5.70) and EPDOS (7.84), continuing
the trend from 1-task to 2-task to 4-task. Scalar predictions also improve over Single (Er: 0.229 —
0.217 eV, E4: 0.189 — 0.171 eV). In contrast, naive 4-task learning degrades spectral predictions
compared to 2-task Parallel (DOS: 6.08 — 6.22, EPDOS: 8.75 — 8.89), showing that naive multi-
task learning cannot exploit these additional targets effectively.

Parameter-free band gap extraction strengthens physical alignment. When the band gap is pre-
dicted with separate parameters, it can disagree with the DOS prediction. To check consistency,
we report Eg’“, the band gap extracted from the predicted DOS by identifying zero-density edges.
4-task Parallel achieves E; MAE of 0.178 eV but E;’“ of 0.240 eV, revealing significant inconsis-
tency. To isolate the effect of parameter-free extraction, we compare DOSForge with a variant using
a learned MLP head for band gap (DOSForge! in Table . While DOSForge! achieves reasonable
consistency, it degrades band gap (0.171 — 0.192 eV), DOS, and EPDOS, suggesting gradient con-
flict from the learned head. DOSForge tightly aligns band gap prediction with the predicted DOS
by construction, achieving the best extracted-gap accuracy (E;’“ =0.171 eV) while also improving
DOS and EPDOS. This shows that parameter-free band gap extraction strengthens physical align-
ment and mitigates gradient conflict, enabling band gap supervision to benefit rather than compete
with spectral prediction.

5 CONCLUSION

We presented DOSForge, a multi-task architecture for jointly predicting DOS, element-projected
DOS, Fermi level, and band gap from crystal structures. DOSForge couples DOS and EPDOS
decoding through cross-conditioning and applies parameter-free band gap supervision, encouraging
mutual consistency among electronic descriptors. Across benchmarks and ablations, this design
yields state-of-the-art DOS prediction while improving EPDOS and tightening agreement between
predicted DOS and extracted gaps. In contrast, naive multi-task learning exhibits clear trade-offs,
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highlighting the need for structured inter-task coupling. Overall, DOSForge points toward more
general electronic-structure models that learn multiple descriptors jointly, rather than treating them
as isolated targets. Future work includes extending this framework to orbital/spin-resolved DOS and
band-structure prediction.
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A MODEL ARCHITECTURE DETAILS

A.1 SPECTRAL DECODER

The spectral decoder transforms atomic embeddings from the encoder into DOS and EPDOS spectra.
Let H = {h;}"_, € R"*9 denote the encoder outputs, where 7 is the number of atoms and d=256
is the embedding dimension.

Decoding with energy patch tokens. Each spectrum is decoded using IV,=32 learnable energy
patch tokens z € R™V»*? which attend to the atomic embeddings via cross-attention. This cross-
attention decoding approach follows prior work on DOS prediction (Bai et al., [2022; [Lee et al.,
2023)). Both DOS and EPDOS branches are initialized with the same learnable tokens. For DOS,
all atoms serve as keys and values. For EPDOS, atoms are grouped by element type; each element
group ¢ attends only to atoms of that element during cross-attention. All element groups share the
same decoder weights; only the atoms they attend to differ.

Transformer block. Each decoder block applies cross-attention, self-attention, and FFN with pre-
LayerNorm residual connections:

- T
2 = 7 + SelfAttn(LN(z)), o
7 =%+ FFN(LN(z)), N

where H = LN(H) denotes normalized encoder outputs serving as keys and values. Cross-attention
uses sigmoid gating (o) rather than softmax, which avoids probability normalization and can better
retain magnitude information; this is useful for EPDOS, where element groups vary in size. Self-
attention uses standard softmax.

All attention uses 8 heads with d;,=32; the FFN uses GELU with expansion factor 4. DOS and
EPDOS branches use separate LayerNorm modules to normalize the encoder outputs before cross-
attention.

Decoding pipeline and intermediate supervision. The decoding pipeline proceeds as follows:
L;=2 blocks — unpatchification head (mid predictions) — cross-conditioning exchange (Sec-
tion [A.2) — Lo=2 branch-specific blocks — unpatchification head (final predictions). The in-
termediate predictions are supervised by intermediate losses £™4, which encourage meaningful
representations before the exchange. We found that these intermediate losses are essential for cross-
conditioning to be effective: without them, DOS WD degrades by 2.6% and EPDOS WD by 5.5%.
DOS and EPDOS each have their own unpatchification head, which is shared between mid and final
predictions within each branch.

Unpatchification head. The unpatchification head maps each patch token to a spectral segment
via a per-token MLP: d,, = MLP(z,) € RT/Nv_ The full spectrum is obtained by concatenation:
d=[dy; ...; dw,] € RT, where T/N, = 256/32 = 8 bins per patch.

A.2 CROSS-CONDITIONING EXCHANGE

After L1 =2 blocks, intermediate predictions are generated for supervision, and then the two streams
exchange representations before continuing with Lo=2 branch-specific blocks. The EPDOS—DOS
direction aggregates element-projected representations via scatter-sum:

init £,mid
25" = Y e 2w, 5)

where £(g) denotes the set of element groups in graph g. This mirrors D(E) =~ ), Dy(E): the
aggregation directly provides an element-summed representation, so subsequent DOS blocks require
only self-attention refinement without further cross-attention.
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The DOS—EPDOS direction broadcasts the DOS representation to each element group:

Zg,init) _ z(Dlnid) [g(g)] . (6)

Since all groups receive the same copy, element-specific specialization is recovered via cross-
attention with element-masked atomic embeddings in subsequent branch-specific blocks.

Conditioning variants (Figure [2). All variants use the same transformer block design (Eq. [2).
Parallel: each branch runs 2 blocks independently; no information exchange. EPDOS—DOS:
EPDOS branch runs L;=2 blocks, then its representations are scatter-summed to initialize DOS to-
kens; DOS branch then runs L>;=2 blocks. DOS—EPDOS: DOS branch runs ;=2 blocks, then its
representation is broadcast to each element group to initialize EPDOS tokens; EPDOS branch then
runs Lo=2 blocks. Cross-conditioning: both branches run L;=2 blocks, exchange representations
(scatter-sum into DOS, broadcast into EPDOS), then each continues with Lo=2 branch-specific
blocks. Intermediate losses £™9 supervise intermediate predictions at the exchange point (cross-
conditioning only).

A.3 FERMI LEVEL PREDICTION

The Fermi level is predicted independently of the spectral decoder via attention-weighted pooling
over encoder outputs:

Ep =MLP(YX" , a;hi), a; = softmax (q;hl/\/g) , (7

where g € R? is a learnable query. This operates directly on encoder outputs, as the Fermi level is
a global scalar property rather than a spectral quantity.

A.4 BAND GAP EXTRACTION ALGORITHM

The band gap is extracted from the predicted DOS without learnable parameters, providing
parameter-free band gap supervision during training (Section [3.4). The spectrum is split at the
Fermi level into left (L; decreasing energy) and right (R; increasing energy) halves, both ordered
outward from the Fermi level. A soft mask m, = ReLU(1l — k - c,) weights each bin, where
c; = cumsum(dy) is a cumulative sum from the Fermi level for s € {L, R}. Bins inside the gap
(where DOS is near zero) receive weights close to 1, while the weights decrease as cumulative DOS
grows, approaching 0 once band states are reached. The total gap width is the sum of masked bins
scaled by the energy spacing AE. Algorithm [I|summarizes the procedure; all operations are differ-
entiable, enabling gradient flow from the band gap loss through the predicted DOS to the encoder.

Algorithm validation. We applied the extraction to ground-truth DOS from all 62,964 struc-
tures and compared against ground-truth band gap values. The resulting MAE is 0.056 eV over-
all (0.019eV for metals, 0.120eV for non-metals), which is smaller than the energy bin width
(AE =~ 0.078¢eV).

Evaluation metric (E;"t). For fair evaluation, we use a conventional non-differentiable algorithm,
different from our differentiable training algorithm, to extract band gap from predicted DOS. Starting
from the Fermi level, we scan outward in both directions to find the first bin where DOS exceeds
a threshold of 0.02 states/eV. The band edge positions are placed at the boundary between the gap
region and the first above-threshold bin. The extracted band gap is the distance between the left and
right band edges: E;’“ = Eiight — Fleri. This metric evaluates how well the predicted DOS reflects
the true band gap structure.

B TRAINING DETAILS

Dataset. We use crystal structures from the Materials Project (Jain et al., 2013) with valid DOS
calculations. From an initial set of 63,040 structures (41,001 non-magnetic, 21,963 magnetic), we
exclude 76 structures containing noble gases (He, Ne, Ar, Kr, Xe) due to insufficient element cover-
age, yielding 62,964 structures spanning 84 elements. The data is split 7: 1.5: 1.5 (train / validation
/ test), stratified by point group across all 32 crystallographic point groups, resulting in 44,059 /
9,428 / 9,477 structures respectively.
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Algorithm 1 Band Gap Extraction from DOS

Require: Fermi-centered DOS spectrum d € RT, sharpness k (k=10), energy spacing AE =~
0.078eV )

Ensure: Band gap F,
1: d < ReLU(d) > Enforce D(E) > 0
2: dp «flip(dy.7y2),  dr < dpjogrr > Split at Fermi level, order outward
3: for s € {L,R} do
4: ¢ < cumsum(dy) > Cumulative sum from Fermi level
5: m; < ReLU(1 — k- c) > Soft gap mask
6: end for
7. By (ZZ mr.i+ Ei mR,,») -AFE
8: return E‘g

Data preprocessing. Raw DOS spectra from the Materials Project use non-uniform energy grids
with varying resolution. For spin-polarized calculations, spin-up and spin-down channels are
summed to obtain total (spin-degenerate) spectra for both DOS and EPDOS. We align all spectra to
the Fermi level and interpolate onto a uniform 256-bin grid over [—10, 10] eV using PCHIP (Fritsch
& Carlson, [1980), which avoids oscillatory artifacts and preserves local shape fidelity better than
cubic spline interpolation. Normalization statistics are computed from the training data after clip-
ping at the 99.9th percentile to suppress rare extreme outliers. DOS uses a single global mean and
standard deviation; EPDOS is normalized per element, with each atomic species having its own
mean and standard deviation. Fermi level and band gap are standardized using training-set mean
and standard deviation. Training losses are computed in normalized space with clipping applied to
suppress outliers. All evaluation metrics are computed on denormalized predictions in original units
(states/eV for spectra, eV for scalars).

Optimization. We use AdamW (Loshchilov & Hutter, 2017) with weight decay 10~2 and gradient
clipping at norm 1.0. The learning rate follows a OneCycleLR schedule (Smith & Topin| [2019):
linear warmup from 4x107° to a peak of 10~3 over the first 25% of training (75 epochs), then
cosine annealing to 10~7. All models are trained for 300 epochs with a batch size of 64 and bfloat16
mixed precision on a single NVIDIA A6000 GPU.

Loss functions and multi-task balancing. Spectral losses (Lp, Lgp) combine MAE with patch-
wise structural loss (Kudrat et al., [2025): Lspectral = LmAE + ApsLps, where Apg = 0.2. Scalar
losses (Lr, L4) use MAE. Intermediate losses £™id supervise intermediate spectral predictions at
the cross-conditioning exchange point (Section[A.2)), weighted by Ayia=0.5. These are merged into
their respective main task losses: Lp=Lp+ Amia L1514, Lep=Lgp+ Amia £181.

The total loss is a weighted sum of all task losses: £ = ApLp + AgpLpp + ArLp + A\ Ly, with
fixed weights A\p=Agp=Ar=1.0, A;=0.05 throughout training.

Model selection. For 2-task spectral experiments (DOS + EPDOS), the best checkpoint is selected
by the sum of Wasserstein distances on the validation set: WDy, = WDpos + WDgppos. For
4-task experiments, we use the sum of raw (unweighted) losses across all tasks, as Wasserstein
distance is not applicable to scalar targets.

Baseline implementations. All baselines (Xtal2DoS, DOSTransformer, EqDOS) are implemented
based on publicly available code and trained on the same data splits, preprocessing, and evaluation
protocol described above.

C VISUALIZATION EXAMPLES

To illustrate prediction quality across accuracy levels, we select test-set examples at fixed DOS +
EPDOS Wasserstein distance (WD) percentiles from Oth (best) to 95th (worst) in 5% increments.
Figure [5] shows predicted and ground-truth spectra for both DOS and EPDOS at each percentile.
Each panel displays the material formula, Materials Project ID, and WD percentile in the title. Inset
metrics report Wasserstein distance, Fermi level error (|AEr|), and band gap error (|AE,|) for
DOS; EPDOS panels show per-element spectra with their aggregate WD.
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Figure 5: DOS and EPDOS predictions across Wasserstein distance percentiles on the test set. Each
column shows one material at a specific WD percentile (0%—-95% in 5% increments). For each
material, the top panel shows DOS and the bottom panel shows EPDOS. Solid lines: predictions.
Dashed lines: DFT ground truth.
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