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Abstract

Flow matching models generate high-fidelity molecular geometries but incur sig-
nificant computational costs during inference, requiring hundreds of network evalu-
ations. This inference overhead becomes the primary bottleneck when such models
are employed in practice to sample large numbers of molecular candidates. This
work discusses a training-free caching strategy that accelerates molecular geometry
generation by predicting intermediate hidden states across solver steps. The pro-
posed method operates directly on the SE(3)-equivariant backbone, is compatible
with pretrained models, and is orthogonal to existing training-based accelerations
and system-level optimizations. Experiments on the GEOM-Drugs dataset demon-
strate that caching achieves a twofold reduction in wall-clock inference time at
matched sample quality and a speedup of up to 3x compared to the base model with
minimal sample quality degradation. Because these gains compound with other
optimizations, applying caching alongside other general, lossless optimizations
yield as much as a 7x speedup.

1 Introduction

Deep learning, particularly deep generative modeling, is rapidly transforming molecular design by
enabling the de-novo creation of molecular geometries [Wang et al.|[2025 |Alakhdar et al.| 2024} |Tang
et al.,[2024]. Among generative methods, flow matching models have emerged as the state-of-the-art
for generating high-quality molecular geometries. Their iterative denoising nature allows for flexible
modeling of complex geometric distributions. While earlier approaches focused on SMILES strings
or molecular graphs, the direct generation of molecular geometries has gained traction due to its
fidelity in capturing geometric and physicochemical constraints critical for real-world efficacy.

Traditional drug discovery pipelines rely on combinatorial screening of known compounds. In con-
trast, generative models aim to sample directly from the underlying chemical distribution. Although
this approach offers a more controlled way to navigate the chemical space than, for example, virtual
or high-throughput screening [Johansson et al.| 2024], such models in practice will still be used to
sample 500,000 or even over 1 million compounds [Shen et al., 2024} |[Koziarski et al.,[2024]. As a
consequence, the molecular generator’s inference time is the dominant bottleneck. This holds espe-
cially for diffusion or flow matching models, whose sampling can require hundreds of neural-network
evaluations for a single molecule, resulting in prohibitively slow sampling at scale.
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All practical acceleration methods that have been introduced specifically for molecule generation re-
quire additional training, incurring data, compute, and time overhead. Trajectory re-parameterization
trains diffusion models to straighten their stochastic paths, thereby reducing the number of steps
required to reach data-like samples [Ni et al.||2025]]. Progressive distillation trains a student to replace
two teacher denoising steps with one, iteratively halving the sampling budget [Lacombe and Vaidya,
2024]. Latent methods train an autoencoder and then a generator in the compressed space, allowing
denoising to run in a lower-dimensional latent space and cutting per-step computation [Xu et al.,
2023|.

While architectural refinements and diffusion process adjustments have led to significant gains in the
speed and efficiency of molecular generative models, we pursue a complementary and training-free
direction. Inspired by recent advances in image generation, we investigate an acceleration scheme
for molecular geometry generation models that reuses and forecasts intermediate hidden states
during sampling. By leveraging previously computed features across time steps, our method reduces
redundant computation, achieving up to a 3x speedup in generation with minimal loss in sample
quality.

Our contributions are as follows:

* We investigate predictive feature caching as the first training-free scheme that accelerates
molecular geometry generation models at little to no quality loss. The method is drop-in for
pretrained models and reduces inference cost while preserving generation quality.

» We transfer and analyze multiple feature-caching strategies to molecular geometry genera-
tion, operating directly on molecular geometries and SE(3)-equivariant representations.

* We show that our approach is complementary to general post-training optimizations, high-
lighting that they can be combined for significant inference time speedup.

2 Related Work

Diffusion caching. Caching was first introduced for image diffusion models, where prior work
[Wimbauer et al.,[2023| Ma et al., 2023| L1 et al., 2024 observed temporal redundancy in the U-Net’s
high-level features, which can be exploited by caching and reusing them across successive denoising
steps. Extending this to diffusion transformers (DiTs), |Selvaraju et al| [2024] report analogous
temporal similarity in attention and MLP activations and propose reusing them over multiple steps.
Chen et al.|[2024] leverages role asymmetries across blocks, caching rear blocks early and front
blocks late via a DiT-specific A-cache. Rather than reusing features from the most recent step,
TaylorSeer [Liu et al.l 2025a] predicts future features via a Taylor-series expansion, while AB-Cache
[Yu et al.| 2025] employs an Adams—Bashforth scheme to compute a predictions based on previously
computed features. Classical caching recomputes features every other step; in contrast, TeaCache
adaptively decides when to refresh the cache based on the inputs of the DiT [Liu et al., 2025b].
In image generation, Region Adaptive Sampling allocates computation spatially, updating only
regions in focus while reusing cached features elsewhere [Liu et al.,2025c]. For video generation
models, caching must respect temporal coherence and inter-frame redundancy, hence various caching
strategies specifically tailored to video generation have been proposed [Sun et al., [2025| [Lv et al.,
2025, Yuan et al., 2024, [Liu et al., |2025b]]. Previous work has primarily focused on various caching
approaches for the image and video domains; none of which have been transferred to deep generative
models in the molecular domain.

De-novo molecular geometry generation. Work on de-novo molecule generation today focuses on
directly generating molecules as their 3D coordinates, representing structures in continuous Euclidean
space, and parameterizing them as Cartesian or internal coordinates alongside atom types. Within
this line of work, variational autoencoders learn a latent space over geometries and decode molecules
with equivariant architectures that enforce basic geometric constraints [Ragoza et al.,2020|]. Building
on that, autoregressive models place atoms or fragments sequentially in a 3D space, conditioned
on the growing partial structure [|Gebauer et al.,|2020, [Luo and Ji, [2022]. In parallel, normalizing
flow-based methods define invertible transformations over coordinates to provide exact likelihoods
under E(n) / SE(3) equivariance [Satorras et al.,|[2022]].



Most recently, diffusion-based approaches have become prominent: some follow classical score-based
diffusion [Hoogeboom et al.,|2022| [Huang et al.| 2022, 2023} |Vignac et al.} |2023| |Qiang et al.| 2023
Morehead and Chengl 2024} 'Wu et al., 2022} Xu et al.,|2023| |Reidenbach et al., 2025/ Hong et al.,
2025, [Feng et al., [2025] N1 et al., 2025| [Irwin et al., [2025]] while others adopt the closely related
flow-matching formulation to learn continuous probability flows [Song et al., 2023} |Dunn and Koes,
2024] Joshi et al [2025]]. Although such models generate molecules unconditionally, they can be
adapted for downstream tasks, such as property optimization or shape-constrained generation, via,
for example, diffusion guidance at inference time [[Ayadi et al.,|2025| [Ketata et al.| 2024].

3 Flow Matching for Molecular Geometry Generation

Let pqata denote a target data distribution on a state space X’ and let py,;sc be a simple base distribution
on X. Flow matching transports ppoise at t = 0 t0 pgata at ¢ = 1 by learning a time-dependent
vector field {wvg (-, t)}te[o,l] [Lipman et al., [2023]]. vy induces a flow ®,_,; whose pushforward maps
a probability path (p;)cjo,1) from po = Puoise t0 P1 = Pdata With the dynamics &; = vg (w4, t).

Conditional flow matching (CFM) allows for training the vector field without simulating trajectories
by specifying, for each data sample 1 ~ pqata, a conditional path distribution {py1 (- | 21) }+e[0,1]
and its conditional velocity field us(z; | 21) € Ty, X, where T, X denotes the tangent space of X at
x; [Tong et al.| 2024]. For concreteness we only consider the condition z1, but other conditioning
choices are possible, for example an auxiliary variable defining a linear-interpolation bridge [Liu
et al.| 2022]). The training objective learns the velocity field by regressing

vg(x1,t) ~ w(we | 21). ()

During sampling, we integrate this ODE with a discrete time grid 0 =ty < t; < --- < tx = 1. The
first-order Euler scheme

Tpy1 = Tk + Aty v (Th, L), Aty = tgp1 — ty, (2
instantiates the transformation from the base to the data distribution in K discrete steps.
Molecular geometry parameterization. Molecular geometries comprise multiple atoms, each

with 3D coordinates and an atom type, and bonds between atoms labeled by discrete bond orders. We
model a molecule as tuples

z=(c,a,b) e X =RV AN BE | 3)
——
coord. atom types bond orders

and we learn the joint distribution p(x). These variables are regressed jointly, yielding a single
parameterization that induces a coupled vector field on coordinates, atom types, and bond orders.
Given an atom count n, Zy ~ Ppoise(+ | 7) is drawn and integrated from ¢ = 0 to 1 as stated in
Equation 2|to obtain joint samples = = (¢, a, b).

Equivariance. Molecular geometries are unchanged by global rotations and translations, so en-
forcing F(3) equivariance prevents the model from learning spurious patterns. Let G act on the state
space X via a representation py : G — GL(X). Here, px(g) x denotes the configuration obtained
by applying g to z, for example by rotating or translating coordinates and permuting atoms. We
denote the pushforward of this action on tangent vectors as dpy. A density p on X’ is G-invariant
if p(px(g)x) = p(z) for all g € G. A function f : X — TX is G-equivariant with respect to
(px,dpx) if

dpx(g) f(x) = f(px(9)xz) Vgeq. “4)

We enforce FE(3) x Sy equivariance of the velocity field vg(-, t). If the base density pg is G-invariant
and vy(+,t) is G-equivariant for all ¢, then the terminal density at ¢ = 1 is G-invariant. For molecules
we take G = E(3) x Sy the Euclidean group in 3D acting on coordinates and the symmetric group
on N atoms acting by permutation on atoms. We enforce this by using isotropic coordinate noise and
G-equivariant updates.



4 Predictive Feature Caching for the Molecular Domain

Evaluating the time-dependent vector field vg(x;,t) dominates the inference cost of flow matching.
The ODE solver has to query vy many times at closely spaced time steps, and each query runs the
full backbone on inputs that change smoothly with ¢. As a result, intermediate activations at each
network block evolve along a smooth feature trajectory over time.

In this work, we investigate predictive feature caching as a means to significantly reduce computa-
tional overhead at inference time by leveraging smooth feature trajectories during the generation of
molecular geometries. Instead of recomputing similar features from scratch at every solver step, we
store features at selected “checkpoint” times. We then reuse or predict features at nearby times to
avoid full forward passes.

Recall from that we sample by in-
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Motivated by the strictly sequential information ~components of a single molecule’s generation tra-
flow in transformer-based architectures for flow Jjectory. Both coordinates and atom types evolve
matching models and the high predictability of ~smoothly over solver steps.

late-layer features, we follow |Guan et al.|[2025]

and adopt a last-block forecast: at each timestep we apply the predictor only to block L, which avoids
recomputation of the entire prefix g;.;, ;. For notational convenience, we continue by denoting the
last block as F' := F'L and 2y .= 2/l

TaylorSeer predictive caching. Naive caching simply reuses the last computed feature; it is cheap
but accumulates staleness error because the features drift as ¢ advances. [Liu et al. [2025al] address
this with TaylorSeer by turning caching into predictive caching: it leverages local Taylor expansions
of the feature trajectory to forecast intermediate features. At predefined time steps spaced every D
solver steps, we perform a standard forward pass and materialize the cache

Cxy) = {F(.Z‘t), AF(zy), ..., AmF(xt)}. 5)

Using the Taylor—finite-difference correspondence, we can forecast features at an intermediate time
t + k by the m-th order predictor:

T AVF(x
Fpred,m(xtJrk) = F(xt> + Z#
i=1 ’

which applies also to a first-order linear prediction and reduces to naive caching when m = 0.

(—k), ©)

Concretely, every D solver steps, we obtain F'(x;) and populate the cache C'(z;). For any timestep ¢+
k within the current window {¢, ..., t+D} we then forecast Fj,req m (%¢+k). In our implementation,
we guarantee, regardless of the caching interval D, that the last inference step is computed via F'(z7).

Adams-Bashforth caching. |Yu et al|[2025]] similarly argues that the smooth feature trajectory
can be exploited by applying a j-step Adams—Bashforth (AB) linear multi-step forecast. For flow
matching, this yields the jth-order linear recursion

J .

- i+1(J

Fapg)(Tegr) = Z;(—l)l (Z.>F($t+lc+i)a @)
1=

which uses the last j cached outputs to predict the current output. The implementation is similar to

that of TaylorSeer caching; every D solver steps we populate the cache of backbone outputs, predict

subsequent steps with Fap(;)(2¢4 %) and ensure that the last step is computed with F'(xr).



Equivariance. Caching as we have established it is a time-scalar linear combinations of cached
features and finite differences. These operations commute with the G action. Using the Euler update,
equivariance yields the commutation relation

px(9) Trt1 = px(9) vx + Aty dpx(g) vo(wr, ty) = 2)yq  With  zj = px(g)zr, ()
so each discrete step preserves the symmetry action. Consequently, if vy (+,t) is G-equivariant at
cached time steps and the base density pye;se 1S G-invariant (Sec. EI), the forecasted evaluations are
G-equivariant throughout sampling, and the terminal density remains G-invariant. As a result, the
discussed predictive feature caching preserves equivariance of the generation process.

5 Experiments

We evaluate caching on an equivariant flow-matching generator. Our primary goal is to characterize
the quality—speed trade-off of two caching variants, Taylor forecasting and Adams—Bashforth (AB)
multi-step, for molecular geometry generation. We do so by evaluating inference overhead alongside
standard quality metrics. We identify operating points with no measurable quality loss and quantify
the degradation—speed frontier when seeking higher acceleration. Additionally, we examine how
caching composes with lossless, orthogonal optimizations.

Evaluation. We use two benchmark datasets, QM9 [Ramakrishnan et al.,|2014] and GEOM Drugs
[Axelrod and Gomez-Bombarelli, [2022]], to assess a model’s abilities as an unconditional molecular
generator. Since QM9 contains only very small molecules, we employ GEOM Drugs a more
meaningful benchmark for assessing model performance for real-world applications. The data splits
correspond to those used in|Vignac et al.|[2023]], Le et al.| [2023].

As a base model, we utilize SemlaFlow [Irwin et al.|

2025]] and use pretrained weights provided by the % H -

authors for both the QM9 and GEOM Drugs dataset. g -1ad A Pt
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padding for more efficient processing. Unless stated 8 —0-27 M /"'
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single NVIDIA H100 PCIe GPU. 5 101
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stability (fraction of atoms with correct valence), and Tom ypels . .
molecule stability (fraction of molecules for which 0 20 40 60 80

all atoms are stable). As these topology-only metrics Time Step

are saturated by current models and do not indicate
conformation quality, we follow [Irwin et al.|[2025]]
and report (per-atom) energy and (per-atom) strain in

Figure 2: Trajectories of an atom’s coordi-
nates and evaluation of linear predictability

error over sampling steps.

kcalxmol ~!, where lower strain or energy indicates

higher plausibility. To assess physical validity beyond topology we follow the evaluation from
Buttenschoen et al.| [2025]] and report validity (Posebusters, RDKit, Connected = PRC) as the fraction
of molecules that are connected, can be sanitized by RDKit [Landrum, [2013]] and pass all Posebusters
checks. Posebusters [Buttenschoen et al., 2024 requires passing checks on bond lengths/angles,
planarity (aromatics and double bonds), steric clashes, and internal energy. Lastly, to measure
inference time, we report throughput as the number of molecules that can be sampled per second.



Table 1: Evaluation of caching SemlaFlow trained on the GEOM Drugs dataset. We highlight in bold
the best result per number of steps and underscore results that are better than or equal to the results

of the base model at 100 steps.

Steps  Mode ‘ Mol Stab. 1 Valid (PRC) T Energy |  Energyp.A| Strain| Strainp.A] Opt. RMSD | ‘ Throughput 1
100  Base | 0.98+£0.00 0.88+0.01 108.8£0.9 238+0.01 69.6+0.7 1.50+0.01 0.86£0.00 | 11.4£0.1
51 Base 0.98+0.00 0.86+0.01 1155+£08 251+0.01 759+0.8 1.63+0.01 0.88 +0.00 21.9+0.2
Taylormm =1 | 0.98+0.00 0.85+0.00 103.1+12 228+0.02 675+1.0 148+0.01 0.87 + 0.00 21.8+0.2
Taylorm =2 | 0.98+0.00 0.86+0.00 1014+0.7 225+0.01 659+02 146+0.00 0.88+0.00 22.1£0.0
ABj=2 098+£0.00 085+0.00 103.2+1.0 228+0.02 67.7+09 149+0.01 0.87 £ 0.00 21.8+0.3
ABj=3 0.98 +£0.00  0.87 +0.00 96.5+£0.9 215+0.01 62.8+0.6 1.40=+0.01 0.87 £ 0.01 22.1£0.0
34 Base 097+0.00 085+0.00 1203+1.6 2.62+003 82.0+1.1 1.78+£0.02 0.90 +£0.01 322+0.6
Taylorm =1 | 0.97+0.00 0.85+£0.01 103.8+0.5 231+0.01 70.0+0.5 1.56+0.01 0.89 +0.00 31.8+0.5
Taylorm =2 | 0.97+0.00 0.83+0.00 1009+0.6 225+0.01 682+04 1.53+0.00 0.89+0.00 324+0.1
ABj=2 097+0.00 083+0.00 1055+2.0 234+0.04 700+15 1.55+0.03 0.90 +£0.01 31.9+04
ABj=3 097£0.00 085+0.00 100.5+1.0 2.25+0.02 67.7+0.7 151£0.02 0.90+0.01 32.1+£03
26 Base 097£0.00 0.82+0.00 123504 2.69+£001 855%0.5 1.85+0.01 0.92 +0.00 41.0+0.8
Taylorm =1 | 0.96+0.00  0.820.01 1058+0.7 236+001 73.9£08 1.65+0.01 0.91 +0.01 40.7+0.9
Taylorm =2 | 0.96+0.00 0.80£0.00 103015 231+0.03 73.0+0.8 1.64+0.02  0.910.00 41.5%0.1
ABj=2 096+0.00 081+0.00 1093+2.1 243+005 743+18 1.65+0.04 0.92 +£0.01 40.7+1.0
ABj=3 096+0.00 0.82+0.00 102.6+0.5 2.30£0.02 71.2+04 1.60+0.01 0.91 + 0.00 41.2+0.1

5.1 Predictive caching can match the base model’s generation trajectory

In[Figure 2] we visualize a representative single-atom coordinate trajectory under the base SemlaFlow
model and SemlaFlow + TaylorSeer caching. To quantify agreement, we report the linear predictability
error of sampling trajectories as a proxy for smoothness. Errors are largest in the early steps, which is
consistent with the visible mismatch, but decrease thereafter. Across cache intervals D, the cached
trajectory closely matches the base model in later steps. These observations indicate that predictive
caching preserves the stepwise evolution of the generative process over most of the sampling horizon.

5.2 Caching allows for faster inference at iso-quality

compares the default SemlaFlow con-
figuration (X = 100 inference steps) to cached
variants evaluated at multiple caching intervals
and caching orders, as well as to a non-cached
baseline with fewer steps. We omit the met-
rics novelty, uniqueness, and atom stability, on
which all model variants consistently achieve
100%. We provide results on QM9 in [Ap]

Compared to K = 100 solver steps, caching en-
ables us to reduce the effective steps to 51 (2x
throughput) while matching nearly all quality
metrics. At a moderate cache interval (D = 2),
we observe improvements in energy and strain in
line with the quality improvements over the base
model discussed in [2025a]]. Quality
remains comparable at 34 and 26 effective steps;
at 26 steps, the cached model still matches the
base model’s low energy and achieves similar
strain. Among caching configurations, higher-
order predictors (m = 2, j = 3) perform best,
and Adams—Bashforth caching consistently ex-
ceeds TaylorSeer. Besides higher optimized
RMSD, the main drawback is a slight drop in
validity, which is however offset by throughput
gains of up to 4.
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Figure 3: Inference time and memory overhead
to sample 10,000 molecular geometries of various
acceleration method combinations.

By contrast, naively reducing steps without caching results in significant quality degradation already
at K = 51. Predictive feature caching therefore enables faster molecular geometry generation while

preserving quality at practical operating points.



5.3 Caching is compatible with general inference acceleration methods

Predictive feature caching, as presented in this work, is complementary to lossless inference time
optimizations. In[Figure 3] we pair AB caching with graph compilation of the SemlaFlow backbone
vg [Paszke et al., 2019]. The runtime branch that selects between evaluating F'(x;) and using a
forecast Fyred,m (Z1+x) introduces control flow that would break whole-graph compilation. However,
this can be easily avoided by compiling the backbone vy and keeping the selection logic outside the
compiled region. We also enable TensorFloat-32 (TF32) matrix—multiply kernels to further increase
throughput without affecting evaluation metrics.

In we report inference time and peak memory. Caching incurs a modest increase in peak
memory due to maintaining C'(z), whereas compilation generally lowers peak memory. Caching
alone yields ~ 3x faster inference; combined with compilation and TF32, the speedup reaches up to
7x. This reduces the time to generate 10,000 molecules from >14 min to ~2 min, with no significant
loss in sampling quality.

6 Conclusion

In this paper, we address inference latency in molecular geometry generation by adapting a training-
free predictive caching scheme to forecast intermediate hidden states during sampling for the molec-
ular domain. Empirical evaluations quantify the speed—quality trade-off and demonstrate up to
threefold reductions in wall-clock inference time while maintaining comparable conformer quality.
More broadly, this work seeks to motivate systematic discussion of inference-time efficiency and to
identify strategies for scaling to millions of samples.
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A Results on QM9

Table 2: Evaluation of caching SemlaFlow trained on the QM9 Drugs dataset. We highlight in bold
the best result per number of steps and underscore results that are better than or equal to the results
of the base model at 50 steps.

Steps  Mode | Novelty |  Uniqueness? Mol. Stability T Valid (PRC) ~ Energy |  Energyp.A.]  Strain]  Strainp.A.] Opt. RMSD | Throughput
50 Base | 0.88+0.00  0.95%0.00 1.00 + 0.00 0.99+0.00 409+03 232£002 154+01 091£0.01 0.23 +0.00 81.92+0.14

26 Base 091+0.00 0.95+0.00 0.99 + 0.00 099+0.00 41.8+03 237+0.03 15.7£0.1 0.93+0.00 0.23+0.00 140.61+0.91
Taylor | 0.90£0.00  0.96 + 0.00 0.99 + 0.00 0.99+0.00 40905 233+0.04 163+£02 0.97+0.03 0.24 +£0.00 14427 £ 0.85
AB 0.90 £0.00  0.96 + 0.00 0.99 +0.00 0.99+0.00 40905 2.31:+0.02 163£0.2  0.96+0.01 0.24 +0.00 142,15+ 1.38

18 Base 091+0.00 0.94+0.00 0.99 +0.00 099+0.00 425+02 244005 163%02 0.99+0.05 0.23 +0.00 187.45 + 1.54
Taylor | 0.90 £0.00  0.96 + 0.00 0.99 + 0.00 099+0.00 41.5%02 2.37+0.03 164+£02  0.98£0.04 0.24 +£0.00 186.13 £ 1.49
AB 0.91+£0.00  0.96 + 0.00 0.99 +0.00 098+0.00 425+03 246+0.08 16.7£02 1.03+0.07 0.24 +£0.00 186.34 £2.35

14 Base | 0.91+0.00 0.94+0.00 0.99 +0.00 0.98+0.00 433+0.1 247002 17102  1.03+0.03 0.23+0.00 220.53+4.01
Taylor | 0.91£0.00 0.96 +0.00 0.99 + 0.00 097+0.00 432%0.1 247002 173£0.1 1.04£0.02 025+0.00 228.10+2.92
AB 0.92+0.00  0.96 £ 0.00 0.99 + 0.00 097+0.00 442+06 255+0.03 18004 1.10£0.02 0.25+0.00 217.92+2.27

In we present a subset of the evaluation from conducted on SemlaFlow trained
on QM9, a dataset comprising fewer samples and smaller molecules than GEOM. While GEOM is
more relevant for practical applications, we include QM9 for completeness and to probe behavior
in a simpler regime. We do not report atom stability, as all evaluated models saturate this metrics.
Relative to caching shows less quality degradation on QM9 in terms of valid molecules. At
26 effective steps, Adams—Bashforth (j = 2) caching performs best, but for even lower effective
steps, TaylorSeer (m = 1) forecasting is superior overall. Across settings, cached models generally
underperform the baseline on the strain metric, even when other metrics are matched.
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