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Abstract

Data-driven dynamics prediction often fails under
environmental shifts, while traditional fine-tuning
remains computationally prohibitive for hardware-
constrained or data-scarce applications. We pro-
pose DynaDiff, a generative meta-learning frame-
work that transitions the paradigm from gradient-
based tuning or modulation to direct weight-space
generation. Specifically, we first abstract expert
weights as novel weight graphs, utilizing multi-
head attention to explicitly capture topological
coupling within weights. Subsequently, we de-
sign a functional loss to ensure that the gener-
ated models achieve consistency with expert mod-
els in physical behavior. Finally, we develop a
dynamics-informed prompter that extracts cross-
domain physical and spectral features from obser-
vation sequences to condition the diffusion model.
Experiments demonstrate that DynaDiff boosts av-
erage prediction accuracy by 10.78% over compet-
itive baselines. Furthermore, by pre-constructing
a model zoo of expert predictors, we amortize the
fine-tuning overhead into a one-time offline cost,
significantly boosting deployment efficiency in
new environments.

1. Introduction

Data-driven approaches have emerged as a powerful,
equation-free paradigm for predicting physical dynam-
ics (Wang et al., 2023; Ding et al., 2024), achieving consider-
able success across a diverse range of disciplines, including
molecular dynamics (Mardt et al., 2018), fluid mechan-
ics (Shu et al., 2023), and climate science (Bi et al., 2023).
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In these systems, dynamical systems governed by the same
underlying equations can exhibit vastly different evolution-
ary behaviors under varying environmental conditions e,
which can be formally expressed as % = f(x,t,e). For
instance, fluid flows, described by the Navier-Stokes equa-
tions, can exhibit different vortex structures under various
Reynolds number or external driving forces. Consequently,
a predictive model fy ., trained on observed trajectories of
a specific environmental condition e, struggles to generalize
to unseen conditions e;. Therefore, modeling the generaliz-
able function f beyond the specific environment remains a
critical problem for scientific machine learning (Subrama-
nian et al., 2023; Goswami et al., 2022; Zhou et al., 2026).

Significant efforts have been undertaken to enable cross-
environment prediction. Meta-learning approaches facili-
tate adaptation to unseen environments by simultaneously
learning both environment-shared weights and environment-
specific contexts (Kirchmeyer et al., 2022; Wang et al., 2022;
Blanke & Lelarge, 2024). When applied to a new environ-
ment, the environment-specific contexts are tuned on new
data to compose or modulate a tailored predictive model.
Another strategy is to train environment-unified foundation
models through well-designed architectures and large-scale
parameterization (Herde et al., 2024; Hao et al., 2024; Mc-
Cabe et al., 2024; Yang et al., 2023; Chen et al., 2024b).
These models, pretrained on massive datasets, can be par-
tially refined by finetuning on data specific to a target envi-
ronment. However, from a model weight perspective, the
essence of these methods only permit adaptation within a
small, expert-specified subset of weights. This approach
restricts the model’s ability to represent the true, complex
manifold of expert weights across diverse environments.
Moreover, the heavy reliance on gradient-based refinement
or massive backbones renders existing paradigms less fea-
sible for real-world scientific applications where data is
scarce or deployment occurs on hardware-constrained plat-
forms (Azizzadenesheli et al., 2024). A more fundamental
path is to directly generating the complete model weights 6
via modeling the conditional distribution p(6|e) (Figure 1).

Inspired by treating model weights as a data modality, this
work focuses on generating environment-specific model
weights (Figure 1c). By explicitly modeling the joint distri-
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Figure 1. Paradigms for dynamics adaption.

bution of environments and weights, this generative adapta-
tion is fundamentally suited for data-scarce scenarios where
finetuning is impractical. However, the challenge of gen-
erating model weights for physical dynamics tailored to
specific environments lies in three points. First, model
weights exhibit functionally significant structures that are
naturally dictated by the underlying network architecture.
Thus, naive flattening weights into sequences would lead
to the loss of crucial structural relationships (Kofinas et al.,
2024). Second, the high dimensionality of weights results
in an exceptionally vast parameter space. Minor variations
in the weights of even a single layer can be amplified into
significant difference in predictive performance (Plattner
et al., 2025; Meynent et al., 2025). Therefore, traditional
metrics like MSE are inadequate for assessing weight simi-
larity. Finally, practical applications typically lack explicit
physical knowledge of the environment, leaving only short
trajectory snippets as available data. It is necessary to ex-
tract discriminative features of the underlying dynamics
from such limited observations.

To address these challenges, we propose a novel genera-
tive meta learning framework, Dynamics-informed weight
Diffusion (DynaDiff). DynaDiff employs weight graphs
to represent predictive models, aggregating weights into
node features to preserve their inherent connectivity and
accommodate arbitrary model architectures (challenge 1).
It utilizes a node-attention Variational Autoencoder (VAE)
to learn latent representations for the diffusion model, and
incorporates a functional loss that measures similarity based
on model output consistency rather than raw parameter val-
ues (challenge 2). For unseen environments where data is
scarce, we design a dynamics-informed prompter, which
distills both physical features and temporal dynamics from
limited observations, thereby providing a highly informative
prompt for the diffusion model (challenge 3). Our contribu-
tions can be summarized as follows:

* We propose modeling the joint distribution of model
weights on environments for cross-environment predic-
tion, thereby rapidly generating expert weights for new
environments without tuning.

* We construct weight graphs based on model architecture
to preserve connectivity and design a functional loss for
weight similarity perception. This significantly enhances
the generative model’s ability to learn effective represen-
tations of model weights.

* Extensive experiments' on simulated and real-world
systems demonstrate that DynaDiff improves cross-
environment generalization, boosting average prediction
accuracy by 10.78% over competitive baselines.

2. Preliminary
2.1. Problem Definition

Given environmental conditions e € &, the time-
dependent system dynamics function is instantiated as
d2 — f(z,t,e) = fo(z,t) € F. The environment space
£ and the function space F are linked by the governing
equations f, forming a joint set {e, f, }. We employ a data-
driven model fy ., parameterized by 6, to learn f., thereby
formalizing the function space F as the model’s weight
space ©. The environment space is divided into an observed
environment set &, and an unseen environment set &, and
consequently, the weight space is also partitioned into corre-
sponding subspaces Oy, and O.. Treating model weights
as the modeling object, we learn the inherent joint distribu-
tion of environments and weights from the joint observation
space {&4, O }. For a new environment e € &, we gen-
erate a corresponding predictive function fp . once learning
is complete.

Notably, we posit that even when sharing the same gov-
erning equations, each environment determines a unique
dynamical function. At test time, given a short observa-
tion sequence X = {zg,...,xr 1} from a new, unseen
environment e € &, our goal is to generate the complete
model weights 6,,.,, by modeling the conditional distribu-
tion P(0|X). This approach, which generates a full ex-
pert model from scratch without requiring gradient-based
finetuning, significantly differs from existing practices in
dynamics prediction.

2.2. Conditional Diffusion

Diffusion models (Rombach et al., 2022; Dhariwal &
Nichol, 2021) learn a probabilistic transformation from a
prior Gaussian py,.ior € N(0, 1) distribution to a target dis-
tribution pyqrget. It perturbs data distributions by adding

"https://github.com/tsinghua-fib-lab/DynaDiff
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Figure 2. Framework of our Dynamics-informed weight Diffusion.

noise and learn to reverse this process through denoisingpnstruction of a domain-adaptive model zoo. Finally, we
demonstrating strong tting capabilities for data acrossprovide a theoretical analysis of the generalization error
modalities like images, language, and speech (Croitoru et abound for DynaDiff.

2023; Tumanyan et al., 2023; Cheng et al., 2025; Liu et al.,

2025). We denote the original diffusion samplexgsThe  3.1. Dynamics-informed Weight Diffusion

forward noising Rgocess ir’bstandard diffusion models is . i i i
computed ag, = " @nxo+ =1 @, ,where andfa.g Dyr\aDlﬁ rst organizes the gxpert m_odel welgh_ts |r_1to a
represent the Gaussian noise and noise schedule (Ho et 4/€ight graph. It then pretrains a weight VAE, yielding a
2020), respectively. The reverse process gradually denoisddgh-quality latent space. Finally, an dynamics-informed
from Gaussian noise to sample data as diffusion model is trained within this latent space.

P (Xn1 Xn) =NXn1; (Xn;n) 20; (1) 3.1.1. WEIGHT GRAPH
where =

PE=(Xn 91171 (xn;n)) andf ngarestep  Model weights constitute a novel data modality, inherently
dependent constants. The noisés computed by a param- structured by the network architecture. A straightforward ap-
eterized neural network, typically implemented as a UNefproach is to break the network structure and atten weights
or Transformer architecture. The network's parameters artayer by layer into xed-length token sequences for represen-
optimized through an objective function (Ho et al., 2020) tation using sequence models like transformers ((Bubit
_ - P— P—— . .0 et al., 2022; 2024). However, it neglects the inherent topo-

Lo =Enioixoll n ¢ Zoxo+ 21 T i (2) logical coupling and functional dependencies embedded
to minimize the negative log-likelihood. To model condi- within the network architecture. Here, we consider the
tional distributionsp(xjc), state-of-the-art methods inject inherent connection structure of the neural network. Speci -
conditional information during noise prediction using tech-cally, we aggregate layer weights based on the forward data
niques like adaptive layer normalization (Peebles & Xie, ow through the network topology to construct a weight
2023),as (xn;n;c). graph that encapsulates the network's connection structure.

We focus on designing the weight organization method for
3. Methodology the basic computational units of modern Al architectures:
In this section, we rst introduce the method for model- :|:near Ilgyers land colnvolut;)cin layers (It<o nas ?t gl., 20.21]),['
ing the joint distribution of model weights and environ- orzaer;?frDaa/elr, ea;ng ebpz;ralr?nDeofrls mc;]J © Vtvr?'g S
ments, as illustrated in Figure 2a. Subsequently, we prese dD. thand' 1ash f out t w defe te

a dynamics-informed prompter that operates with the lim-"°ut andUi, are the dimension ol output and input re-
ited observation sequence. Then, we detail the ef cientSpeCt'Vely' A convolution layer similarly comprises weights

3



Generative Adaptation of Dynamics to Environmental Shifts via Weight-space Diffusion

w 2 RCot Cn hw  gnd bijash 2 RCu 1 wherecyy et al., 2025). This observation motivates our approach to
andc, are the channels of output and input, respectivelythe reconstruction error term in the VAE objective. The
andh w is the kernel size. We treat the output neuronssimilarity between model weights should be gauged by their
of linear layers and output channels of convolution layerdunctional consistency, rather than merely their identical
as nodes of the weight graph. Centering on the feature adbsolute values. We introduce a function loss,

output nodes, we atten and concatenate the weights (and

corresponding bias) associated with connections leading to Liunc = Exi2x Jifw (Xi) f w(Xiii% (4)
each output node within a layer, forming the feature vector o

w b for that output node. Thus, a linear layer's weights Wherefw (xi) andfw (x;) are the output values of the origi-
are organized aB oy« nodes with(Di, + 1) -dimensional nal_and reconstructed \(v_e|ghts, respectllvely, when applied to
features (Appendix Figure 12a), and a convolution layer's®" input sample; . Intq|t|vely, the function loss aI.Iows'the
weights are organized &, nodes withCin h w+1) VAE to reconstruct weights that may not appear identical to

dimensional features (Appendix Figure 12b). the_or_igin_als but perf_orm similarly. It relaxes t_he encoder's
optimization constraints, promoting the learning of a latent

Considering the prevalence of skip connections in modergpace characterized by functional semantics. We theoreti-
deep learning, we incorporate their weights. Following thecally analyze the effect of the function loss on generalization
data ow, we concatenate the weights of the skip connecerror in Appendix G.

tion path as additional features to the feature vector of the

node where it merges with the main path, as depicted in Ap3.1.3. WEIGHT LATENT DIFFUSION MODEL

pendix Figure 12c. Consequently, the entire model weights ) _ )

are structured as a weight graph with heterogeneous nodB the latent space, we instantiate the noise network
features, where the total number of nodes equals the sum §€ind a transformer architecture. Conditioned on dynamics-
the output neurons/channels across all layers. We normaliZz8formed prompt (introduced in follow), we inject this

weights based on input-output node pairs and biases basdformation into the network using adaptive layer norm
on nodes. (adaLN) (Peebles & Xie, 2023), forming(zn ; n; prompt) .

. . Compared to performing diffusive generation directly on
The proposed weight graph aggregates weights to nodege raw weights (Yuan et al., 2024), the latent space offers
This not only captures inherent connection relationshipsignij cant dimensionality reduction, which alleviates the
but also signi cantly reduces computational overhead comgomputationally intensive nature of the diffusion process
pared to maintaining dense edge features. This organizatiognd simpli es the generation of representations.
method is applicable to most architectures (Section 4.2).

3.2. Dynamics-informed Prompter
3.1.2. WEIGHT VAE
. In most practical scenarios, only a short observation se-

We now encode the heterogeneous graph of model weighig,encex, is available, instead of a known environmental
to build a low-dimensional and informative latent space forparameter. The central task of the Prompter is to distill a
diffusion model. We train a node attention-based VAE with ich, ‘informativeprompt vector from this limited sequence

a loss function given by X . To leverage the strengths of both domain knowledge
and data-driven feature extraction, we design a hybrid archi-
Lvae = E g @w [logp (Wjz)]+ KL[g  (Zjw)jjip(2)]; tecture composed of two parallel branches.

(3) First, we extract physical features to capture the system's
wherew represents the heterogeneous node features of the ™’

weight graphz 2 R is the latent representation, and the macroscopic dynamics. For each sta_te we compute
. . ; . - its rst and second-order moment statistics, energy, and
KL divergence term is used to constrain the posterior dis-

tribution q (zjw) . The VAE architecture rst employs a enstrophy (Taira et al., 2020). For the resulting time series

. . , . oflengthL for each statistic, we then compute its temporal
layer-wise linear mapping for each layer's nodes to project L
. ' . .-~ “mean and trend to form the explicit prompt. Subsequently,

them into a same dimension. Subsequently, we utilize a : : ; :
. . : : we encode the microscopic evolution of the observation
multi-head attention mechanism to model inter-node rela:

tionships, capturing interactions among neurons within amfequence. We compute the sequence of spectr for
bs, cap 9 9 via Fast Fourier Transform (FFT), stacking the real and

across original model layers. The resulting latent represen-_"_ " . : .
tationz = E(w) is then passed through another Iayer—wise'ma(‘:]maIry parts. A Gated Recurrent Unit (GRU) is then

. : o I . .~ —used to capture the evolutionary patterns across frames,
linear mapping, projecting it back to the original dimensions_ - "~ . : L

; - with its nal hidden state serving as the implicit prompt. We
for reconstructio = D(z).

concatenate the explicit and implicit prompts to form the
We notice that prediction models exhibiting similar per- nal dynamics-informedorompt. Details are provided in
formance can possess distinct parameter values (Meynetite Appendix H.
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We sample observation sequences with a variable lengtB) Kolmogorov Flow (Koupéaet al., 2024); 4) Navier-
ranging froml to L for each training epoch. This enables Stokes Equations (Kirchmeyer et al., 2022); and 5) ERA5
the prompter to handle a exible number of observationDataset (Zhang et al., 2025). For the PDE systems, we use
frames at test time. The prompter is trained jointly with equation coef cients or external forcing as environmental
the latent diffusion model in an end-to-end manner, wherevariables and simulate multiple trajectories under different
the gradients from the denoising objective backpropagate tenvironments for training and testing. We train 100 FNO

guide the extraction of dynamical features. weight sets for each seen environment across all systems
to serve as the model zoo of DynabDiff (size 100). Detailed
3.3. Domain-adaptive Model Zoo descriptions and data generation procedures for each system

e . i . are provided in Appendix C and D.
DynaDiff is trained on expert model weights, which

are collected in a pre-constructed model zoo. While a

naive approach would be to train each expert model fronSetup Environmental conditions are unknown for all dy-
scratch (Scirholt et al., 2024), this process is computa-namical systems. We train DynaDiff solely on observed
tionally prohibitive and leads to a non-stationary weighttrajectories across diverse visible environments. Test envi-
distribution. To address this, we introduce an ef cient con-ronments are categorized as in-domain (seen during training,
struction process centered on domain-adaptive initializaaovel initial conditions) and out-domain (unseen environ-
tion (Chen et al., 2024b). First, we pretrain a global basenents) (Nzoyem et al., 2024). At test time, models autore-
model on data from all visible environments, analogousgressively predict future states given a single initial frame.
to the environment-shared weights in meta-learning. SubFhe prediction horizon is 100 steps for Cylinder Flow and
sequently, each environment-speci ¢ expert is obtained by ambda-Omega, and 50 steps for Kolmogorov Flow and
rapidly ne-tuning this base model, as illustrated in Figure 2.Navier-Stokes. We evaluate prediction quality using root
To encourage suf cient exploration of the weight landscapemean square error (RMSE) and structural similarity index
we also introduce a minor random noise to one layer o SSIM). By default, the length of the observation sequence
the base model before each ne-tuning process. Since eadbr new environments is L = 10.

expert only needs to solve for a speci ¢ environment, its

size is substantially smaller than a general-purpose foun- . ) ) )
dation model. Therefore, our model zoo trades affordabl&aselines  We compare against two baseline categories:
of ine storage (Appendix D) for a massive gain in training foundation models (One-for-All) and meta-learning ap-
ef ciency, eliminating the need for the inner-loop optimiza- Proaches (Env-Adaptive). The foundation models are
tion common in prior meta-learning approaches (Finn et al {rained via empirical risk minimization (Ayed et al., 2019)
2017; Dupont et al., 2022). Moreover, this one-time of-O" trajectories from all visible gnwronments, including
ine investment eliminates the need for any gradient-based®POT (Hao et al., 2024), Poseidon (Herde et al., 2024),

computation when adapting to a new environment. and MPP (McCabe et al., 2024). The meta-learning
methods learn environment-shared weights and update

environment-speci ¢ contexts on observation sequences,
including DyAd (Wang et al., 2022), LEADS (Yin et al.,
We provide a theoretical analysis in Appendix G to demon2021), CoDA (Kirchmeyer et al., 2022), GEPS (Koupa
strate that our framework is principally designed to controlet al., 2024), and CAMEL (Blanke & Lelarge, 2024). Addi-
its generalization error. First, by training a VAE with a func- tionally, we compare against recent weight-space generation
tional loss , we construct a latent space that is functionallynethods, CVAE (Shao et al., 2025) and D2NWG (Bedionita
smooth, where proximity between latent vectors re ectset al., 2025), which generate model weights via conditional
the functional similarity of the decoded models. Next, avariational autoencoder and latent diffusion, respectively.
conditional diffusion model then accurately generate repFollowing existing work (Blanke & Lelarge, 2024), we en-
resentations within this well-behaved space. Coupled witltable zero-shot prediction by conditioning the hypernetwork
the prompter, this design ensures that each source of tren environmental conditiorss which assumes ground-truth
total error is directly governed and minimized by a speci ¢ conditions are known. Additionally, we assume all envi-

3.4. Generalization Analysis

training objective. ronments are visible and train a dedicated Fourier neural
operator (FNO) (Li et al., 2020) for each environment as a
4. Experiment performance upper bound (One-per-Env). We also train an

FNO only on all visible environments, but test without any
Dynamical Systems We validate the model's effective- adaptation as a performance lower bound (Not-Adaptive).
ness on four time-dependent PDE systems and one redlfe use FNO as the expert small model for DynaDiff and
world dataset: 1) Cylinder Flow (Li et al., 2025b); 2) other meta-learning methods. Detailed architectural are
Lambda-Omega (Champion et al., 2019; Li et al., 2026b)provided in Appendix E and K.
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Table 1. Average RMSE (+ std from 5 runs) in out- and in-domain environments. Best in bold, underlined for suboptimal. The parameter
sizes of predictive models are reported.

Testing Cylinder Flow (96:400) Lambda-Omega (12:39) Kolmogorov Flow (12:39)  Navier-Stokes (24:121)

Methods Params  In-domain Out-domain In-domain Out-domain In-domain Out-domain In-domain Out-domain
Not-Adaptive 0:124¢.026 0:1590.029 0:2140.045 0:2320:042 0:1350:027 0:1490:029 0:1290:030 0:144¢.033
One-per-Env 0:040040 0:0380.040 0:0389.032 0:035¢.008 0:0690:021 0:071p:019 0:0460:007 0:0470:009
?:I FNO 500M  0:082 ¢.025 0:0830:023 0:3520:041 0:3630:040 0:0800:020 0:0960:016 0:0660:009 0:074¢.015
§ DPOT 500M  0:091 ¢.008 0:0900:007 0:324¢.007 0:325¢:007 0:079:012 0:084¢.017 0:0870:021 0:0930:020
g Poseidon 600M  0:085¢.014 0:083p:015 0:3019.013 0:318p.009 0:1029:006 0:103p:005 0:0920.017 0:095¢.016
O MPP 550M  0:102 ¢-020 0:098p.019 0:3119:054 0:313:055 0:0984.017 0:103p:022 0:095¢.026 0:0960:028

DyAd 0:0960:021  0:0940:020 0:138p:078  0:1370:075s  0:099:006  0:098p:00s  0:0910:018  0:0960:015
g LEADS 0:101p-031 0:115¢.036 0:1214.031 0:123.032 0:1070:011 0:105¢:010 0:0919.022 0:0940.020
"’3_ CoDA 010990;029 0:1000;031 0:1190;034 0:1160;032 0:0970;019 0:0980;019 0:0960;016 0:0980;014
g GEPS 1M 01078;013 010820;020 010940;041 010920;039 020890;009 010860;008 010980;011 010990;010
E CAMEL 010890;013 0:0940:016 0:1040:018 011030;013 020960;013 0:1010:016 011060;013 011090;015
LICJ CVAE (+390M) 0:158 ¢:009 0:1570:009 0:4860:019 0:4870.019 4:4544.108 29:08%:561  0:2040:008 0:2330:014

D2NWG (+4OOM) 0108203019 0:0860;017 0:1020;()20 021050;021 0:0860;010 02090();013 010880;016 0108903015
DynaDiff (+380M) 0:063 0023 0:065¢.021 0:088 9013 0:091 9015 0:077 g:00g  0:079 9011 0:060 9013 0:064 o012

Figure 3. Predicting performance on Cylinder Flow. SSIM distribution of (a) One-per-Env and (b) DynabDiff; (c) Ratio where DynaDiff
outperforms One-per-Env; (d) Differences between DynaDiff and One-per-Env. The green circle and box means seen environment during
training and highlight region, respectively.

4.1. Main Results One-per-Env in certain environments. This is likely due to
the stochasticity of initialization and the training process,

PDE systems We report the generalization performanceaS One-per-Env models do not always converge to the op-

?hn 4 PDE sysft_er/ns LndTablt_a L an_d Appentdlx ‘Jalt’hdeta”mgtimal point. We illustrate this result with Cylinder Flow (2
€ number of Infout-domain environments and the paramg, ;. ,nmental variables), as shown in Figure 3. The overall

eter sizg of models for each.system during testing ThPSSIM of One-per-Env is close to 1. However, it exhibits
generative module of DynaDiff has approximately 380M suboptimal performance in certain regions (green box in Fig-

parameters, while the predictive model at test-time has Onl)ﬁre 3). The FNO weights generated by DynaDiff perform
1M. Across nearly all systems, DynaDiff achieves the besEetter than One-per-Env in some environments, even unseen

E:Ieraged_gerfolrrgancea demor]:st';]ratmgdlrst_abrllty (';olmode nes. This suggests that DynaDiff captures the manifold
1€ conditional dependence of the prediclive model on eng, o o e joint distribution of weights and environments
vironments. Its small, environment-speci ¢ expert models

) . i lies, whereas the optimizer training process can fail to con-
outperform foundation models V\_/lth hundreds of tlmes' moreverge onto this manifold possibly due to getting stuck in
parameters. Furthermore, unlike other metq-lgarnmg aRscal optima (Sclocchi & Wyart, 2024).
proaches, DynaDiff treats model weights holistically dur-
ing adaption, without forcing the retention of environment-We visualize the joint distribution of environments and gen-
shared components. This potentially expands DynaDiff'serated weights of CVAE, D2NWG, and DynaDiff on Cylin-
search space for improved generalization while increasingler Flow (Figure 4), where over 80% of environments are
the parameter size. In Appendix J.9, we demonstrate thatnseen during training. The x-axis and y-axis represent
scaling up meta-learning baselines yields no comparable athe rst principal component of the environment prompts
curacy, con rming that DynabDiff's superiority stems from and generated weights, respectively. DynaDiff's generated
its generative paradigm rather than mere parameter scalingeight manifold closely matches the true expert distribution
learned through optimizer training, whereas D2NWG and

We also nd that some generated weights can OUtperforrTbVAE produces blurred distributions that fail to capture the
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Figure 4. Joint distribution of environments and generated weights on Cylinder Flow, comparing DynaDiff, D2NWG, and CVAE against
the true expert distribution.

Figure 5. Predicting performance on ERA5 data. (a) One frame of ground true wind speed. (b) SSIM difference between DynaDiff and
One-per-Env. The green box means seen environment during training. (c) Average prediction RMSE of DynaDiff and foundation models.

tently achieves excellent generalization performance, with
actual performance showing only minor variations depend-
ing on the speci ¢ operator architecture. This demonstrates
that DynaDiff is a model-agnostic framework capable of
bene ting from the sophisticated architectural designs of
its expert models. Detailed architectures of these neural

operators are provided in Appendix K.
Figure 6. DynaDiff on the Cylinder Flow with different expert
models of DynabDiff.

Real-world dataset We utilize the ERA5 reanalysis
dataset, including east-west and north-south wind speed
data at a height of 100 meters. The spatial resolution is
Moreover, we evaluate the physical interpretability of the0.25°, and the temporal resolution is 1 hour. We use January
learned prompts. As detailed in Appendix J.5, the prompteP018 wind speeds as the training set and January 2019 as
successfully extracts latent features that are highly corréhe test set. To de ne different environments, we divide
lated with ground-truth physical parameters (e.g., Reynoldshe globe into 6x12 grid subregions at 30° intervals (Wang
numbers) solely through the end-to-end generative learningt al., 2022). We randomly select 24 subregions as seen en-
vironments, with the remaining 48 as unseen environments.
4.2. Extensibility The experimental results are shown in Figure 5. DynaDiff's

) ) ) ~outperforms all baselines and is able to surpass One-per-Env
The weight graph structure proposed in Section 3.1.1 ig, partial unseen subregions.

capable of organizing neural networks of arbitrary architec-
tures. Here, we extent to more neural operators as expeyt
models within DynaDiff, including Wavelet Neural Oper-
ator (Tripura & Chakraborty, 2023) (WNO), and U-shapeAs illustrated in Figure 7, the attention score matrices across
Neural Operator (Rahman et al., 2022) (UNO). Our experibynaDiff's encoder layers exhibit a distinct block-like struc-
mental results on Cylinder Flow are presented in Figure &ure, where the boundaries of each block align perfectly
DynaDiff, when using different neural operators, consiswith the FNO's internal hierarchy (e.g., lifting, fodocks,

complex distribution of weights. Quantitatively, DynaDiff
achieves the lowest Jensen-Shannon Divergence (JSD).

3. Explainability
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