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ABSTRACT

Multi-property crystal generation is often bottlenecked by data: crystals satisfy-
ing multiple constraints jointly are rare, making it impractical to curate training
sets or labels for p(z | ¢1, . .., ¢ ). We avoid this joint-data bottleneck by learning
reusable, per-property guidance modules from single-property signals only. Start-
ing from a pretrained unconditional base vector field, we fine-tune one flow model
per property via an online, RL-style extension of Energy-Weighted Flow Matching
(EWFM)(Zhang et al.l 2025b). Specifically, we sample trajectories from the cur-
rent flow, score the resulting terminal crystals with fast property evaluators, and
convert these scores into threshold-shaped importance weights to reweight the
flow-matching objective. This yields property-specific correction fields without
differentiable property gradients and any jointly labeled multi-property dataset. In
inference, we satisfy new constraint sets by composing these fields (no retraining),
and we reduce cross-objective interference by projecting each residual field to be
orthogonal to the base flow before aggregation.

On MP-20, composing stability and band-gap modules improves both objectives
simultaneously: the formation-energy success rate increases from 0.754 to 0.924
(mean —3.42 — —4.35 eV/atom), while the fraction with band gap > 3.0 eV
rises from 0.042 to 0.157 (mean 0.58 — 1.19 eV), with only a modest drop in
diversity/coverage, validating that modular per-property fields can be composed
to achieve multi-constraint generation without joint data or retraining.

1 INTRODUCTION

Generative modeling for crystalline materials has emerged as a promising paradigm for inverse
materials design, enabling direct sampling of crystal structures from learned data distributions rather
than explicit search or optimization procedures (Xie et al., 2021} Jiao et al.,|2023}; Zeni et al., 2025;
Miller et al.| 2024} |Antunes et al., |2024). In practice, this is often formulated as a conditional
generation problem, where the generative model is guided toward target regions in design space
(e.g., MOFs(Fu et al.l 2023; [Park et al.l |2025), Quantum Materials(Okabe et al., [2025)), and 2D
materials(Xu et al 2025)) or the property space (e.g., band gap(Zeni et al., |2025 |Cao & Wang,
20255 [Chen et al.|, [2025), density(Zhang et al.}2025a; |Govindarajan et al., |2025; |Chen et al., |[2025)),
and HHI(Zenui et al., [2025}; |Chen et al., [2025)).

Despite the progress in single-condition generation, handling multiple conditions simultaneously is
still less explored. Existing approaches to multi-conditional generation can be broadly categorized
into two paradigms. The first paradigm incorporates multiple conditions directly into a single gen-
erative model(Zhang et al., 2025a; Zeni et al.| [2025), which can be written as P(z | A, B,...) and
typically relies on training signals that couple these conditions (e.g., data labeled under the joint set
of constraints). This approach usually needs training data that already satisfies all constraints at the
same time. In some cases, such examples are rare or even nonexistent, making it difficult or impos-
sible to collect enough data to train the model. The second paradigm aggregates multiple property-
specific rewards into a single scalar objective R = > . w;R; and then maximizes this objective
through reinforcement learning(Chen et al., [2025}; |Cao & Wang| [2025)), effectively performing joint
multi-objective optimization. In practice, combining multiple rewards into a single scalar may cause
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conflicting guidance signals, which will result in unstable optimization and sample-inefficient RL
exploration. As a result, for multi-conditional material generation, both data coupling and joint RL
fine-tuning become increasingly hard to scale as constraints grow more stringent.

Here, we argue that such repeated data collection and retraining is not strictly necessary. Instead
of training a single model on jointly-labeled data or collapsing multiple objectives into one reward,
we adopt a modular view: we learn property-specific guidance fields from single-property super-
vision, and compose them at sampling time to enforce multiple constraints. Under flow matching,
multi-property conditioning can be modeled by composing multiple property-specific vector fields.
Formally, let vy (¢, z) denote the base (unconditional) field and {wg, (¢,x)}7", denote the learned
property guidance fields {cj }}"_,. We can obtain samples that satisfy multiple constraints by aggre-
gating the corresponding vector fields together:

dl’t

s =vo(t,xy) + ]; Ak Vg, (t,z¢)

Specifically, we adopt a decoupled vector-field view for multi-property control. First, we fine-tune
separate flow-matching models for each target property using an online, RL-style variant of Energy-
Weighted Flow Matching(Zhang et al.,[2025b), and interpret their deviations from the base generator
as property-specific correction fields. At inference time, we compose these corrections—via orthog-
onal projection onto the complement of the base vector field—to steer sampling toward crystals
that jointly satisfy multiple constraints. This design mitigates gradient interference during train-
ing, reduces the need for jointly labeled multi-property data, and enables flexible trade-offs between
objectives by tuning composition strengths.

Compared with existing methods, our approach requires only per-property training signals (either su-
pervision or reward evaluation). New property combinations can be obtained by composing learned
components, without retraining a new joint model. As a result, our framework is particularly attrac-
tive in settings where multi-property labels are scarce, expensive, or difficult to obtain.

2 RELATED WORK

2.1 DEEP GENERATIVE MODEL FOR MATERIALS

Deep generative models have become a central tool for data-driven materials discovery. A com-
mon way to categorize crystal generative models is by their representation. Structure-based models
treat a crystal as atom types together with periodic lattices and atomic coordinates, and incorporate
symmetry constraints such as permutation invariance, (E/SE)(3) equivariance, and periodic bound-
ary conditions (Xie et al., [2021} Jiao et al.l 2023} [Zeni et al., 2025; Miller et al., [2024; [Luo et al.,
20255 Yang et al. 2023). CDVAE(Xie et al.l 2021) is an early influential approach that combines
a VAE with a noise-conditional score network decoder (Song & Ermonl 2019)), generating crys-
tals via Langevin dynamics while using periodic SE(3)-equivariant GNNs to enforce the required
symmetries (Xie et al., 2021). Subsequent works further improve fidelity by learning a joint gen-
erative distribution over atom types, coordinates, and lattices (Jiao et al.| 2023} [Zeni et al., 2025
Luo et al., 2025; Miller et al.l 2024; [Yang et al.l 2023). For example, MatterGen performs joint
diffusion over these variables and supports broad conditional generation via adapter fine-tuning and
classifier-free guidance (Zeni et al., 2025; Ho & Salimans| 2022a). Beyond diffusion, flow-based
approaches such as FlowMM and CrystalFlow leverage (Riemannian/conditional) flow matching
with symmetry-aware parameterizations to model the same joint space more efficiently at inference
time, while enabling flexible conditional generation (Miller et al.| [2024; [Luo et al., [2025).

A different research line uses sequence representations, treating crystal structures as strings and
performing autoregressive token prediction, e.g., CIF-based models (CrystalLLM) (Antunes et al.|
2024) and alternative crystal string languages such as SLICES (Xiao et al.;|2023)); symmetry-aware
sequences based on space groups and Wyckoff sites have also been explored (Wyckoff Transformer,
CrystalFormer) (Kazeev et al., 2025} |Cao et al., [2025a). LLM-based text generation for materials
design has also been studied in related works (Choudhary} 2024} (Gruver et al., 20245 (Chen et al.,
2024 [Sriram et al., [ 2024)).
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2.2 CONDITIONAL GENERATION IN DIFFUSION AND FLOW MODELS

The conditional generation for diffusion models can be classified into three categories (Lai et al.,
20235)). The first category is classifier guidance (CG) (Ho & Salimans, 2022b), which aims to learn
a classifier to guide the model toward the target condition. This can be denoted as V. log p;(z; |
¢) = Vylogpe(z:) + Vi logpe(c | x¢). Then, classifier-free guidance (CFG) (Ho & Salimans|
2022a)) further simplifies the CG process by treating the unconditional case as a special token &,
and training both conditional and unconditional predictions within the same model. During sam-
pling, CFG linearly combines the conditional and unconditional predictions to obtain the guided
result. Currently, CFG is the most widely used guidance method for diffusion-based generative
models (Nichol et al.| [2021; |Saharia et al.l [2022; Rombach et al., 2022} |Blattmann et al., 2023}
Ramesh et al} [2022). Many following works aim to improve the efficiency of this method (Chung
et al.,[2024; |[Fan et al., 2025; [Lin et al.,|2024; |Hong et al., |2023)). Finally, the last category of meth-
ods is called training-free guidance (Chung et al.| |2022; [Yu et al., |2023; |He et al., |2023}; |Ye et al.,
2024; Bansal et al.| [2023)). The core idea for this line of research is to use an additional gradient
from a differentiable scoring function to guide the sampling dynamics, which can be denoted as
Ve logpi(z: | ¢) = Vi logpi(xt) + Vi ficore (). However, this type of method requires a differ-
entiable scoring function. Another issue is that, in diffusion models, CFG may involve a trade-off
between efficiency and guidance strength compared with classifier-based guidance methods (Lai
et al., [2025).

2.3 CONDITIONAL AND MULTI-PROPERTY MATERIAL GENERATION

Currently, multi-property material generation can be broadly classified into two categories. The
first category formulates material generation as a conditional generation problem, e.g., conditioning
on desired property values (Luo et all [2025; Xiao et al.l 2023 |[Zhang et al) [2025a}; |Zeni et al.,
20235)) or natural-language descriptions (Gruver et al., [2024; [Sriram et al., 2024). Typically, these
methods collect or construct a dataset that satisfies the target conditions (e.g., via property labels
or evaluator-based scores), and then adapt an existing material generation model to support such
design. A key practical requirement is to automatically obtain these supervision signals; for novel
material control, this process can be particularly challenging. In multi-conditional settings, many
works use two conditional inputs jointly to guide generation.

Another mainstream line of research leverages reinforcement learning for inverse material design,
either by fine-tuning pre-trained generative models or by directly learning a design policy in the
material space. Such RL-based approaches can be classified into three categories: (1) autoregressive
token policies, which treat crystal generation as next-token prediction in a sequence model (Cao &
Wang] 2025} Karpovich et al.,[2024; |Cao et al.,[2025b); (2) diffusion/flow policies, which regard the
reverse diffusion or flow process as the policy and adjust its trajectory via RL (Chen et al., 2025
Park & Walsh, [2025)); and (3) direct RL on design actions, which trains an agent to perform editing
actions rather than directly outputting structures (Govindarajan et al., 2025} |Karpovich et al.| [2024;
Zamaraeva et al.| 2023} |Govindarajan et al., [2024]).

3 METHOD

3.1 OVERVIEW AND PROBLEM SETUP

Our goal is to sample crystal structure from the multi-property conditional distribution p(z |
¢1,-- -, Cm), Where where each constraint ¢y, specifies a desired regime of a material property (e.g.,
formation energy, band gap). We utlize the Crystlflow(Luo et al., 2025) as the base model, which is
a a pre-trained flow-matching model vy (2, t) for unconditional crystal generation, which defines an
ODE % = wvo(x,t), t € [0,1] mapping a simple prior pprior(o) to the data distribution pga (1)
at t = 1. Instead of training a single large model directly on multi-property objectives, we learn a
set of property-specific correction fields {gx (z, t)}f:1 on top of vg. At inference time, we combine
these fields to steer sampling towards crystals that satisfy multiple constraints simultaneously.
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3.2 LEARNING SINGLE-PROPERTY GUIDANCE FIELDS

First, recall that flow matching models generation as an ordinary differential equation (ODE) over
telo,1]:

d

=), tefo (0)
Here, x; denotes the state (e.g., lattice, coordinates, and atom types) at time ¢, and vy is a learnable
time-dependent vector field. Formally, conditional (property-guided) generation can be understood
as modifying the base vector field by adding a guidance term:

dz

ditt =vp(t,x¢) + YV R(xy) (1)
where R(z) is the target reward/property and v > 0 controls the guidance strength. However,
directly using V,R(z) is often impractical because (i) R(z) may be non-differentiable, and (ii)
even when differentiable, computing V, R(x) can be prohibitively expensive.

To address this, we adopt Energy-Weighted Flow Matching (EFM)(Zhang et al.,|2025b)) and extend
it from the offline setting to an online setting for learning the guided vector field. Specifically, we
define a tilted target distribution over terminal structures

q(z1) o p(a1) exp(=F E(x1)) 2)

where p(-) denote the original data distribution, £(+) is an energy surrogate, and 3 > 0 controls the
strength of reweighting (often £(z) = —R(z)).

Let p(z | x1) denote the forward interpolation path used in flow matching, and let u:(z | z1) be
the corresponding conditional (oracle) vector field. The (unweighted) marginal vector field is the
posterior average

ug () = /pt(ﬂcl | z¢) ue (s | 1) day (3)

According to formula (3), under the tilted target qg, the corresponding energy-weighted marginal
vector field becomes

X S pe(@1 | @) exp(=BE(w1)) ue(we | 21) day
(x) /qt(m | 2e) ue(we | 21) day T pi(er [ 20) exp(—BE@1)) dan 4)
Recall that the standard flow matching objective under pgyy, is
‘CFM(H) = ]EtNUniform(O,l), T1~Pdaa; Te~Pt(+|T1) {H’U@(t, xt) - ut(xt | 331)”3 (5)
e (21) exp(~8E(w)
p(z1) exp(— x
q('rl) = - Z : ? Z = IEwl"’pda\la\ [exp(_ﬁg(xl))] (6)
we can write £, as an importance-weighted expectation over samples from paza:
exp(—8E&(x
£0(0) = Erntitom.). ey i) | o () = e [ a0)l] )

Because Z does not depend on 6, it only rescales the objective and does not affect the optimizer.
Thus, up to a constant factor, minimizing £, is equivalent to minimizing the energy-weighted flow
matching objective

2
Lowest(0) = Eup(r, zompinn ampuo(loo) |0(1) [00(tae) —uelae [20) 3] ®
with importance weights w(-) o< exp(—8E(+)).

In practice, given a mini-batch {xgl) }B | sampled from pgye,, We use self-normalized weights
exp (—B E(xgl)))

w; = . )
Zle exp (76 5(9:5”))

4
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yielding the empirical loss

2 (i) (i)
, t; ~ Uniform(0,1), z,” ~ p¢, (- | 27”)

volts,af”) = e, (ol | 2|

B

. 1 3

Lewrm(0) = B E W;
i1

(10)
Therefore, samples with lower £ (z) (or higher reward since we define £ = —R) contribute more
strongly to the training signal, leading to a learned vector field that implicitly steers trajectories
toward the desired high-reward region without requiring explicit gradients V, R(z).

For each individual property, we define different reward format which will be clearly defined within
Appendix

3.3 MULTI-PROPERTY VECTOR-FIELD COMPOSITION

At inference time, we combine the base vector field vy (¢, ) with multiple property-specific guidance
fields {d;(t,z)}. A naive classifier-free-guidance (CFG)-style(Ho & Salimans| 2022a) addition can
be written as

d
Y ot x) + Z)\dtx (11)

but empirically, this performs poorly in the multi-conditional setting because different guidance
fields often point in conflicting directions. We quantify this conflict by measuring the instantaneous
angle between two fields d4 and dp:

(da(t, ), dp(t, x))
da(t, x)l2 llds(t z)]2’

and observe that ¢(t, x) is typically large and unstable, indicating strong disagreement.

cos (t,x) =

o(t,x) = arccos(cos ¢(t, x)) (12)

In order to mitigate such interference, we build an orthogonalization strategy inspired by Chae et al.
(2025): for each guidance field d;, we remove its component parallel to the base field vy and keep
only the orthogonal correction. Concretely, define the projection

(di, vo)

d+ = d; — proj,, (d; 13
oo.v0) Proj,, (d:) (13)

7

projy, (di) =

and perform inference using the mixed field

dzx

dt—uotx+ZAdltz (14)
This preserves the main transport direction of the base generator while allowing each property model
to contribute non-redundant corrections, which empirically improves multi-conditional controllabil-
ity and stability.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

As mentioned previously, we adopt CrystalFlow (Luo et al2025)) as our base unconditional gener-
ator v (¢, x) for crystalline materials. All experiments are conducted on the MP-20(Xie et al.,[2021))
dataset, following the original train/validation/test split used in |[Luo et al.| (2025). For each crystal
x we consider three scalar target properties: (i) electronic band gap (in eV), (ii) formation energy
per atom (in eV/atom), and (iii) Herfindahl-Hirschman Index (HHI) over elemental production. We
focus on steering the generator toward the following desirable regimes:

band gap > 3.0eV, Fiorm < —2.5 eV/atom, HHI < 1500 (15)

Based on the three targets, we design specific rewards for each of the target, the detail will be put in
the Appendix
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Band Gap (BG) Formation Energy (FE) HHI
Model mean (eV)! rateT mean (eV/atom)] ratef mean|  ratef
BG only 2.96 47.79 - - - -
FE only - - -4.83 91.60 - -
HHI only - - - - 1196.39 91.64
Original 0.56 4.98 -3.36 7422 316797 9.25

Table 1: Single-property EWFM results on MP-20. We report the mean value and threshold success
rate (Eq. (15)) for each target property. Original is the unconditional base model.

4.2 EVALUATION METRICS

We evaluate our models on MP-20(Xie et al., |2021) using the same family of metrics as Crys-
talFlow(Luo et al., [2025), and group them into two categories: target-property metrics and
generation-quality metrics.

Target-property metrics: For each experiment setup, we report the mean formation energy per
atom FE(z), the mean band gap BG(z), and the mean criticality score HHI(z() of generated
crystals. In addition, we measure the fraction of samples that satisfy the desired constraints in
equation 15: (i) FE rate, defined as the proportion of structures with FE(xg) < FEcyt, (ii) BG rate,
defined as the proportion of structures with BG(zg) > 3.0 eV, and (iii) HHI rate, defined as the
proportion of structures with HHI(z¢) < HHI .y (e.g., HHI.yy = 1500).

Generation-quality metrics To assess physical plausibility, we report composition validity (frac-
tion of chemically valid compositions within the MP-20(Xie et al.,|202 1)) element set) and structural
validity (fraction of structures that pass basic geometric sanity checks). To quantify distribution
shift, we compute 1D Wasserstein distances between the generated and test sets for two scalar de-
scriptors: density and the number of distinct elements per structure. Finally, we report coverage
and diversity via coverage recall/precision and average minimum structural/compositional distances
(AMSD/AMCD) between generated and test structures, together with simple generation statistics.

4.3  SINGLE-PROPERTY EWFM FINE-TUNING

We first validate whether EWFM fine-tuning can reliably steer CrystalFlow toward a desired prop-
erty regime when optimizing a single constraint at a time. As shown in Table 4.3] each single-
property model achieves a substantial shift in the intended direction and improves the corresponding
threshold success rate, indicating effective controllability rather than just a change in mean. Con-
cretely, BG guidance raises the mean band gap from 0.56 to 2.96 eV and increases the fraction of
samples with BG(zg) > 3.0 eV from 4.98% to 47.79%. FE guidance lowers the mean forma-
tion energy from —3.36 to —4.83 eV/atom and boosts the stability success rate from 74.22% to
91.60%. HHI guidance reduces the mean HHI from 3167.97 to 1196.39 while increasing the frac-
tion below HHI < 1500 from 9.25% to 91.64%. Overall, these results support our premise that
energy-weighted reweighting with threshold-shaped rewards can learn property-specific correction
fields that meaningfully reshape the terminal distribution toward the target regime.

Stronger controllability inevitably comes with a distribution shift away from the original MP-20(Xie
et al., [2021) test distribution. Table @] shows that the unconditional model remains the closest
to the test-set statistics, achieving the smallest Wasserstein distances (e.g., 0.224 on density and
0.270 on element count) and the highest coverage recall (97.17%). In contrast, guided samplers in-
crease Wasserstein distances and reduce coverage recall, consistent with steering toward a smaller,
constraint-favorable subset of the data manifold. Importantly, structural validity stays high across all
runs (~ 97.5-99.8%), suggesting that EWFM does not collapse generation into geometrically im-
plausible structures; instead, it primarily redistributes probability mass toward the target region. We
therefore interpret the reduced coverage as an expected trade-off when enforcing stringent property
thresholds.
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Validity (%)1 Coverage (%)1 Property.
Model Structural Compositional Recall Precision wdist(p) wdist(NVg))
BG only 99.77 70.53 74.66 99.63 3.315 0.762
FE only 99.80 88.11 69.90 98.46 1.632 1.271
HHI only 97.52 91.72 48.47 99.92 1.022 1.128
Original 99.63 81.25 97.17 99.92 0.224 0.270

Table 2: Generation-quality metrics for single-property models on MP-20: validity, coverage (re-
call/precision), and Wasserstein distance to the test set for density p and element count N.

Band Gap (BG) Formation Energy (FE) HHI
Model mean (eV)! rateT mean (eV/atom)] rate mean| ratef
BG + FE 1.06 12.24 -4.44 95.28 - -
FE + HHI - - -3.80 87.57 2327.89 3349
HHI + BG 1.11 12.40 - 2128.78 35.62

Original 0.56 4.98 -3.36 7422 316797 9.25

Table 3: Two-property composition results on MP-20. We report mean values and threshold success
rates (Eq. (15)) for the involved properties.

4.4 MULTI-PROPERTY VECTOR-FIELD COMPOSITION

We next test whether composing two learned guidance fields can simultaneously improve multiple
constraints. As shown in Table all property pairs improve over the original model on the in-
volved objectives, but the success rates are markedly lower than the strongest single-property results.
This gap is expected: the feasible region defined by the intersection of two threshold constraints is
substantially smaller than either single constraint alone, and the corresponding guidance fields may
induce competing corrections along the sampling trajectory. For BG+FE, we obtain strong stability
control (mean FE —4.44 eV/atom with a 95.28% success rate) while increasing the band-gap suc-
cess rate from 4.98% to 12.24%. For HHI+BG, we simultaneously reduce criticality (HHI success
rate increases from 9.25% to 35.62%) and improve band gap (BG success rate to 12.40%). For
FE+HHI, we observe consistent but weaker improvements (FE success rate 87.57%, HHI success
rate 33.49%), suggesting that this pair is particularly challenging under our current thresholds. These
results highlight the central difficulty of multi-property crystal generation: effective single-property
guidance is necessary but not sufficient, because multi-objective control is constrained by feasibility
shrinkage and guidance interference.

4.5 ABLATION STUDIES

We ablate the instruction strength (mixture weights) used to compose multiple guidance fields at
inference time, and study the resulting trade-off between (i) target-property satisfaction and (ii) dis-
tribution shift / generation quality. Concretely, we vary the coefficients { A } in our composed ODE
(Eq. 14) and report both property outcomes (Table[4.5)) and generation-quality metrics (Table [4.5).

Varying BG-FE composition reveals a strong controllability trade-off. Across the BG/FE
sweeps in Table {.5] increasing the FE weight gradually improves stability: the mean formation
energy decreases from —3.84 (BG= 0.8, FE= 0.2) to —5.48 (BG= 0.2, FE= 0.8), while the FE
success rate rises from 91.98% to 99.19%. However, this stability gain comes at a steep cost in
band-gap control: the BG mean drops from 2.32 to 0.40 eV and the BG> 3.0 eV success rate col-
lapses from 36.27% to 0.03% as the FE weight increases. Intermediate settings (e.g., BG= 0.6,
FE= 0.4) yield a more balanced outcome (BG mean 1.54 eV; FE mean —4.15 eV/atom), indicating
that the composition weights provide a practical way to balance the multi-objective trade-off, but
also highlighting that strong control of both objectives remains challenging.
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Validity (%)1 Coverage (%)1 Property|
Model Structural Compositional Recall Precision wdist(p) wdist(Ne)
HHI + BG 99.94 75.90 92.27 99.77 2.359 1.335
BG + FE 99.92 79.49 93.39 99.22 1.178 1.380
HHI + FE 99.96 84.88 84.83 99.61 0.753 1.466
Original 99.63 81.25 97.17 99.92 0.177 0.279

Table 4: Generation-quality metrics for two-property compositions on MP-20 (same metrics as Ta-

ble 4.3).

Band Gap (BG) Formation Energy (FE) HHI
Model mean (eV)l rateT mean (eV/atom)] ratef mean| ratet
CFG (BG=0.5, FE=0.5) 1.05 10.31 -3.38 86.50 - -
BG(0.33)+FE(0.33)+HHI(0.34) 0.82 0.07 -3.85 89.68 2708.99 19.16
BG(0.8)+FE(0.2) 2.32 36.27 -3.84 91.98 - -
BG(0.6)+FE(0.4) 1.54 20.40 -4.15 93.62 - -
BG(0.4)+FE(0.6) 0.72 0.07 -4.82 97.15 - -
BG(0.2)+FE(0.8) 0.40 0.03 -5.48 99.19 - -

Table 5: Ablation of composition weights for band gap-formation energy (and one three-way set-
ting). We report mean values and threshold success rates (Eq. (15)). CFG means classifier-free
guidance.

CFG baseline vs orthogonalized vector-field composition The CFG-style baseline (BG= 0.5,
FE= 0.5) provides only modest multi-objective improvement (BG rate 10.31%, FE rate 86.50%
in Table and exhibits lower coverage recall (80.09% in Table compared to most of our
decomposed compositions. This supports our motivation that CFG-style inference can be suboptimal
in multi-property settings, whereas separating and composing learned guidance components enables
more controllable trade-offs.

Three-way composition remains difficult. Finally, composing BG, FE, and HHI together (BG=
0.33, FE= 0.33, HHI= 0.34) yields simultaneous improvements on FE and partial improvement
on HHI (Table 3], with high generation validity and strong coverage (Table .5). However, the
overall success rates remain far from the corresponding single-property optima, underscoring the
central challenge of multi-property crystal generation: as constraints accumulate, feasibility shrink-
age and guidance interference can dominate, motivating more advanced composition and scheduling
strategies beyond fixed global weights.

5 DISCUSSION AND LIMITATIONS

Our method may be useful in application scenarios where high-quality training data are extremely
limited, such as materials discovery problems with rare or difficult-to-obtain labels. By learning
property-specific guidance separately, the framework does not require large amounts of jointly la-
beled multi-property data.

However, in this work we evaluate generated structures mainly using machine-learning-based prop-
erty predictors. These predictors provide a practical way to compare different methods at scale, but
they cannot fully guarantee physical validity.

A necessary next step is to perform large-scale density functional theory (DFT) calculations to verify
the stability and properties of the generated crystals, and to assess whether the observed improve-
ments persist under first-principles evaluation.

We also observe that multi-property generation generally leads to weaker performance on individual
properties compared to single-property optimization. This degradation reflects the trade-offs intro-
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Validity (%)1 Coverage (%)1 Property.
Model Structural Compositional Recall Precision wdist(p) wdist(/NVg))
CFG (BG=0.5, FE=0.5) 99.77 77.56 80.09 99.04 1.170 1.498
BG(0.33)+FE(0.33)+HHI(0.34) 99.88 80.16 92.94 99.61 1.362 1.504
BG(0.2)+FE(0.8) 99.92 86.88 88.60 99.16 1.106 1.357
BG(0.4)+FE(0.6) 99.96 82.21 93.82 99.08 0.459 1.360
BG(0.6)+FE(0.4) 99.94 77.77 93.79 99.39 1.889 1.224
BG(0.8)+FE(0.2) 99.94 75.59 92.41 99.69 2.702 0.974

Table 6: Ablation of composition weights: validity, coverage, and Wasserstein distances on MP-20
(same metrics as Table [.3)); includes CFG baseline.

duced when enforcing multiple constraints simultaneously. How to better preserve strong single-
property performance while satisfying multiple objectives remains an open problem and will be the
focus of future work.

6 CONCLUSION

We presented a decoupled vector-field framework for multi-property crystal generation with flow
matching. Our main contributions are: (1) an online, RL-style extension of Energy-Weighted Flow
Matching to fine-tune separate property-specific flow models using threshold-shaped rewards, pro-
ducing reusable correction fields on top of an unconditional base generator; and (2) an inference-
time composition rule that orthogonalizes each correction against the base vector field, reducing
redundant updates and mitigating interference in multi-conditional sampling.

On the MP-20 benchmark, the learned single-property fields achieve substantial shifts toward the
desired regimes (band gap, formation energy, and HHI), and composing two fields improves both in-
volved objectives relative to the original model. The results suggest that modular per-property learn-
ing plus principled composition can reduce reliance on jointly labeled multi-property data and avoid
unstable optimization from collapsing multiple objectives into a single scalar reward. Remaining
challenges include stronger three-way (or higher-order) control under strict thresholds and rigorous
validation beyond ML predictors; addressing these will likely require more advanced conflict-aware
composition and first-principles evaluation.

Code availability: Code and trained checkpoints will be released publicly after completing the
ongoing work.
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A OVERALL ALGORITHM

Algorithm 1 Online EWFM fine-tuning for a single property k

Require: Base field vy (¢, z); initialize vg, < vo.
Require: Property-specific reward 7 (-); batch size B; steps Niter; temperature Sy; €.
1: for n = 1to Njge, do

2: Sample 258 ~ pprior, tH8 ~ p(t)
3:  Rollout & = v (t, ) from 0 — 1 for each xf; collect (z} , x})
4: ri < re(zh) > property-k reward, see App.

_ 1 —mean(r)
5: Y

std(r) + €
6: W < softmax(Bx7)
7: vf = v (tg, af,; wh, xh)
. ; 2

8: E<—Zi1 wivak(ti,x%i)—v;‘HQ
9: Update 60, by one optimizer step to minimize £
10: end for

11: return fine-tuned field vg,

Algorithm 2 Multi-property sampling via orthogonalized composition

Require: Base field vy (¢, z); residuals {gx (¢, ) }rex; weights { A, }; €.
1: Sample zp ~ Pprior

Lo <gk(t,$),’l}0(t,$)>

2 g (o) = nltn) = o G et a) + e

3 0(t,z) < vo(t, x) + X pex M g (t, @)

4: Integrate & = v(¢, x) from ¢t = 0 — 1 with initial z to obtain z

5: return 1

vo(t, )

B IMPLEMENTATION DETAIL

Property evaluators. We use three fast surrogates to score generated crystals x: (i) Formation
energy (FE). We use ORB’s(Neumann et al., 2024)) pretrained force field (pretrained.orb_v2)
to predict total energy Eioi(xz) and compute formation energy per atom via tabulated reference
energies (REFERENCE_ENERGIES ["vasp"]):

Eform(x> _ Etot(x) - Zivzl Eref(Za) ]

N
(i) Band gap (BG). We use MatGL’s pretrained MEGNet(Chen et al) 2019) band-gap model
(MEGNet-MP-2019.4.1-BandGap-mfi) to predict @(z) in eV; structures containing ele-
ments outside the model’s supported element set are marked as NaN and dropped. (iii) HHI. We
compute }Tﬁl(a:) using pymatgen.analysis.hhi.HHIModel (reserve-mode in our runs) ap-
plied to the composition.

Reward shaping (used by EWFM). We convert each property value into a scalar reward r(xz) €
[0, 1]:

BG(x) — Euy
rea(z) = a(w”> . Fot =3.0, Ap =10,
Ap

3 max(ﬁﬁl(x) — Hewt, 0)
Ay

raui(x) = exp( > ,  Hew = 1500, Ay = 300,

Emax - E orm
rrE(z) = Clip( T _fE ‘(I>,O7 1) ; Emin = —5.5, Enax = —2.0,
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and we scale FE rewards by a constant factor in code (rpg ¢ 1.5 rpg) before computing EWFM
weights.

Online EWFM fine-tuning details. Each outer iteration performs: (1) Sampling: draw M =
batch_size X batch_num structures from the current flow model using the same ODE sam-
pler as CrystalFlow (ode_int_steps=100 in our runs). (2) Validity filtering: keep only struc-
tures passing CrystalFlow’s validity check. (3) (Optional) ORB relaxation: for band-gap training
we additionally run an ASE-ORB relaxation (FIRE with ionic + optional cell relaxation; we use
fmax=0.05, max_steps=100, stress cutoff smax=5 GPa; non-converged structures are discarded).
(4) Reward computation: evaluate the property model, compute r(z), and attach it to each graph.
(5) EWFM reweighting: in each training mini-batch, standardize rewards and exponentiate:

~ _Ti—[UB N Wy

Ty = w; = exp(B7) W = ——
spte’ ’ %Zlewj+e7

with 8 = 1.0 and € = 10~8. We reweight CrystalFlow’s per-graph flow-matching loss as

223,:1 Wi Lpn,i 0)12
"<—B . + chg + AKLZHp*p ”2’
Do Wit € -

where L, is the model’s regularization term returned by the CrystalFlow forward pass, and the

LewrMm =

last term is an L2 penalty to keep parameters p close to their initialization p(®). We optimize with
AdamW (weight decay 0), gradient clipping at 1.0, and train for 10 epochs per outer iteration. In
our notebooks, FE/HHI use 1r = 1074, Akr, = 1073; BGuses 1r ~ 3 x 107°, Ak, ~ 3 x 1073
(or resumed from checkpoint).

Orthogonalized vector-field composition (code-level). For multi-property sampling we treat
each fine-tuned model as a separate vector field and compose them at sampling time. Given a
base model vy and a property-tuned model vy, we form the residual Avy, = vy — v and optionally
remove its component parallel to vg:

<A'Uk, UO>

Avlk = Agy, — 20k %0
k k (vo, vo) +€ 0

In our implementation we apply this projection separately to (a) lattice updates (per-crystal inner
products) and (b) coordinate/type updates (inner products aggregated per crystal by summing over
atoms). At each integration step we use

1
Umix = Vo + Z)\k Avk 5
k

and generate the ODE forward from ¢ = 0 to ¢ = 1 to generate the final crystal sample.
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