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Abstract

Flow-based generative modeling provides a powerful frame-
work for reasoning about uncertainty in weight space. In
this work, we explore model uncertainty and distributional
anomalies through weight space learning, where a generative
meta-model learns a distribution over neural network param-
eters that achieve comparable performance. Leveraging flow
matching, we capture the geometry of weight space to enable
conditional generation and reward-guided adaptation, allow-
ing the weight distribution to evolve in response to shifts in
the data. Experiments demonstrate that this approach not only
captures in-distribution models but also adapts effectively un-
der distribution shift. Finally, we show that this adaptation
provides a practical tool for detecting harmful covariate shifts
on limited data, outperforming comparable methods.

1 Introduction

In machine learning, multiple distinct models can achieve
comparable performance on a given task, despite differing
substantially in their internal representations or parameteri-
zations. This multiplicity underscores a key source of model
uncertainty: if many models fit the data equally well, which
of them will remain reliable when encountering anoma-
lous or shifted inputs? Addressing this question is central to
building dependable systems for two reasons. First, it guides
model selection under uncertainty. Second, it shapes how we
approach anomaly detection since the impact of anomalous
data depends not only on the data itself but also on the in-
ductive biases of the model architecture.

In this work, we approach model multiplicity through the
lens of probability distributions in weight space. We intro-
duce a generative framework that learns distributions over
neural network parameters using flow matching (FM) (Al-
bergo and Vanden-Eijnden 2023; Lipman et al. 2023; Liu,
Gong, and Liu 2023). This formulation provides a ge-
ometric and probabilistic foundation for reasoning about
model uncertainty and adaptation. When the data distribu-
tion changes, instead of retraining from scratch, we can
tilt or fine-tune the learned weight distribution in response
to a reward or cost signal—an approach closely related to
stochastic optimal control.
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In this work, we make preliminary steps toward under-
standing model uncertainty and distribution shift by using
generative flow models. Our contributions include:

1. We develop a flow-based framework for generating neu-
ral network weights that incorporates theoretical in-
sights from continuous dynamics. The resulting models
match or exceed conventionally trained networks on in-
distribution tasks and can be conditioned on context data
to retrieve pre-trained weights.

2. We demonstrate a fine-tuning mechanism which enables
efficient reward-guided adaptation of weight-space dis-
tributions in response to test-time shifts.

3. We further demonstrate that these reward-tilted distribu-
tions can serve as effective signals for detecting harmful
covariate shifts on limited data.

2 Background & Related Works

Conditional flow models. Chen et al. (2019) first intro-
duced continuous normalizing flows as an effective data
generation process through modeling dynamics. Simulation-
free methods improve on this concept by simplifying the
training objective (Albergo and Vanden-Eijnden 2023; Lip-
man et al. 2023; Liu, Gong, and Liu 2023). Following the
formulation of Lipman et al. (2023), given random variables
Xo ~ po and X; ~ p; a data distribution, define a reference
flow X = (X¢)¢ej0,1) Where X; = ;X + a;X; with the con-
straint that g = $; = 0 and oy = By = 1. The aim of flow
modeling is to learn a path X = (X¢)¢c[o,1) Which has the
same marginal distribution as X. To make this a feasible task,
we describe this process as an ODE: dx; = v(x, t)dt where
xg ~ N(0,I). Training proceeds by first parameterizing
v(x¢,t) by a neural network 6 and matching the reference
flow velocity, i.e. u(x¢,t) 1= %it. This would, however, be
an unfeasible training objective, therefore, we condition on
samples from the distribution x; ~ p; and train

chm(g) = El,xl,xtHvQ(xtvt) - U(Xt,t | Xl)”- (1)

Lipman et al. (2023) proved that this loss produces the same
gradients as the marginal loss, thus optimizing it will result
in convergence to the reference u(x;,t). Moreover, we can
always marginalize an independent conditioning variable y
on vy, u—this will be our context conditioning vector.
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Figure 1: Example unconditional pipeline. (1) Base model pre-training, shown here on MNIST, producing checkpoints
across epochs. (2) Optional: variational autoencoder training with a weight-space reconstruction objective. (3) Generative
meta-model training; here we illustrate unconditional NM-CFM w/ (trained) VAE (our default NM-CFM is on weight
space directly) using the weight initialization from (1) as pg. (4) Optional: reward fine-tuning via adjoint matching where

() =

Harmful covariate shift detection. Covariate shifts refers
to changes in the test data distribution pieg () as compared
to the training distribution py,i,(x) while the relation be-
tween inputs and outputs remain fixed, i.e. pes(y|z) =
Puain(y|2). Importantly, we do not require labels to deter-
mine this shift, thus it is practical to do so in a standard de-
ployment setting. Prior work in this domain include deep
kernel MMD (Liu et al. 2020), H-divergences (Zhao et al.
2022), and Detectron (Ginsberg, Liang, and Krishnan 2023).
As Detectron requires minimal tuning and is most perfor-
mant in low-data regimes (N < 100 samples), we em-
phasize the use of this approach. In particular, Detectron
(Ginsberg, Liang, and Krishnan 2023) builds off of selec-
tive classification—building classifiers that accept/reject test
data depending on closeness to the training distribution—
and PQ-learning (Goldwasser et al. 2020) that extends the
conventional theory of PAC learning to arbitrary test dis-
tributions by employing selective classification. The main
idea considers the generalization set R of a classifier fy and
samples Q from an unknown distribution. The strategy is
to fine-tune constrained disagreement classifiers (CDCs) to
agree with fy on R but disagree on Q. If Q C R, then it
will be difficult to disagree on Q, but if the CDCs behave
inconsistently on Q, that suggests a covariate shift. Notably,
this method is sample-efficient, agnostic to classifier archi-
tecture, and may be used in tests of statistical significance.

3 Methods

We describe the components of our approach below and
leave more details to Appendices A, C, E. Throughout, we

— Leif (X FashionMNIST; *), Steering the trained meta-model towards generating FashionMNIST classifiers.

use the NM- prefix! to denote our methods, e.g. NM-CFM
to denote conditional flow matching. Our framework is de-
signed to be modular, with different components that can be
instantiated in various ways. In this work, we prioritize sim-
plicity in order to highlight the generative framework and the
proposed reward fine-tuning mechanism. Figure 1 provides
an example of how these components connect.

Modeling drift on weight space

The continuity equation on neural network parameters.
For the purpose of our analysis, let us restrict our view to
neural networks that are optimized by gradient descent (GD)
algorithms to minimize a loss L(0;) 1= d(Myp(X) - Y),
where My is a neural network parameterized by trainable
weights § € R?, X € RY*P are inputs, Y € RYV*€ are la-
bels, and d is some differentiable distance function, such as
cross-entropy. To minimize via GD, parameter updates are
done by 01 = 0 — aVL(0) given some learning rate
a > 0. Taking the learning rate to zero, we can view param-
eter evolution as a gradient flow. For simplicity, we assume
that the updates are deterministic (contrary to stochastic gra-
dient descent which randomly selects training batches), and
defer to App. B an approach incorporating stochasticity via
Schrodinger bridges. For now, the sole source of random-
ness is the initialization 6y ~ py. Within this setting, we can
write down a continuity equation. In later sections, we show
how this result underpins the choice of modeling framework.

Theorem 1 (Informal; follows Ch. 8.3 of Santambrogio
(2015)). Let 6y ~ pg be initialized network parameters and

'Short for neural manifold, a reference to data manifolds (Ben-
gio, Courville, and Vincent 2013).



the loss Lis C* in 0. If (0> is the gradient descent curve,
we have p; = Law/(0;) with

Oy =V - (pVL) = 0. (@)

Weight encoder. Due to the often intractable size of
weight space, it is sometimes necessary for modeling to hap-
pen in latent space (see App. C for scaling remarks). We jus-
tify this design by appealing to work on the Lottery Ticket
Hypothesis (Frankle and Carbin 2019) as well as the body of
work on pruning (Cheng, Zhang, and Shi 2024) which sug-
gests that, like natural data, neural networks live on a low-
dimensional manifold within its ambient space. There are a
variety of encoders to choose from, such as the variational
autoencoder (VAE) (Kingma and Welling 2022), and spe-
cialized encoders for neural network parameters. As we are
mostly focused on the generative aspect, we use the simple
VAE following Soro et al. (2025) detailed in App. C.

Generative meta-model. The problem of learning the
continuous dynamics of a system governed by a continuity
equation has been studied in many forms in existing liter-
ature. In our setting, Theorem 1 establishes a link between
the practical dynamics of SGD and the continuity equation
(Eqn. 2), which provides a more tractable theoretical frame-
work. Building on this connection, we study methods that re-
alize parameterized solutions to Eqn. 2: 9;p; + V - (p;vf) =
0, thereby providing a common lens of interpretation. Lip-
man et al. (2023, Theorem 1) showed that CFM may be
viewed through this lens, hence motivating its use. We fol-
low the implementation of Tong et al. (2024). Exploiting the
flexibility of FM to use a non-Gaussian prior, we use the
Kaiming uniform or normal initializations (He et al. 2015)
as the source pg; see App. D for an ablation.

Reward fine-tuning. FM models lend themselves to the
recently proposed reward fine-tuning method, based on the
adjoint ODE (Domingo-Enrich et al. 2025), which casts
stochastic optimal control as a regression problem. This al-
lows us to tune pre-trained flow meta-models for down-
stream applications, exemplified in this work by detecting
harmful covariate shifts, and improved generative perfor-
mance (see App. E). Specifically, this method modifies the
base generative distribution p3*° to generate the reward-
tilted distribution p}(x) o pb*¢(z)exp(r(z)) via the Ad-
joint Matching (AM) algorithm. Naturally, in our setting,
we suppose pi®¢ is obtained from meta-training and gov-
erns classifiers that predict on D;, but we wish to modify
the meta-model to generate base models that predict on Ds.
Therefore, we set the reward r(X) := —Lo(X1) where Lo
is a loss on Dy such as cross-entropy and proceed with AM.
See App. C for further details.

Detecting harmful covariate shifts

Training CDCs. Continuing the exposition in Section 2,
we specify the training regiment of CDCs. Let g(-) rep-
resent one CDC and f(-) the base classifier; further, let
P = {(zi,v:)}/~, be samples from the generalization
set R and Q = {z;}7, from the unknown distribution.
Our objective is for g to maintain performance on P, but

CIFAR10 STL10 MNIST FMNIST

Original 63.38  53.88 9893 89.77
NM-CFM w/ VAE 6279 5341 98.54  90.59
NM-CFM 62.89 5347 98.69 90.24

Table 1: Mean validation accuracy of top-5 NM model re-
trievals. A single meta-model is used for all base datasets,
with a conditioning signal obtained from image samples
used to distinguish between each set.

to disagree with f on Q. Naturally, we use the cross-
entropy loss /.. on P, but on Q, Ginsberg, Liang, and Kr-
ishnan (2023) introduces the disagreement-cross-entropy:

Cace(§: £ (2:)) = 125 20i1 Lyw)2e L08(de), where N de-
notes the total number of classes. We combine these objec-
tives by minimizing the CDC loss:

(oae(P,Q) ::P&Q|(( S lelg(w), o)+

xi,yi)EP

Ay fdcxg(ﬁci),f(@))) 3

z,€Q

To test for shift, Detectron compares g trained with Q sam-
pled from the unknown distribution (gq) against @ = P*
(gp), i.e. samples from the generalization set. In particular,
the disagreement rate or the class entropy for each case is ob-
tained and hypothesis tested. In both cases, the disagreement
and entropy are higher if Q represents a significant shift.

Motivation. The problem of detecting covariate shift is
not just about the data—a lot of modern neural networks
are robust to such changes. The essence of the problem is
whether or not the classifier weights required to predict on
Q differs from the current classifier, motivating a method
that is sensitive to changes in the weights required to pre-
dict on a new set. Building on the finding that the support of
CNN3 classifiers is narrow (see Sec. 4) and the fact that the
reward-tilted distribution (obtained from reward fine-tuning)
has the same support, if the ideal classifier required to pre-
dict on a new dataset lies far outside of the original support,
then we would expect a noticeable performance difference
after reward fine-tuning than if it were close to the original
support (see corruption experiments in Sec. 4, App. E).

Meta-detectron. Our approach, termed meta-detectron,
builds on reward fine-tuning by adjoint matching. We start
by meta-training separate NM-CFM meta-models to learn
classifier distributions on each of the datasets. Next, we re-
ward fine-tune, maintaining the procedure of sampling from
the meta-model at each iteration to compute the reward,
but now the reward function is 7(X71) = —f.q.(P, Q; X7),
where X, serves the role of g, and the original (not fine-
tuned) meta-model generates the base classifier f in Eqn.
3. As the method requires training gp and gq, we fine-tune
two different meta-models depending on the disagreement
set, and compare the disagreement rate and entropy of the
generated gp and gq. Returning to our motivation, it is more



CIFAR10

Corruption Level 0 1 2

SGD fine-tuning 63.38 — 63.38 59.93 — 60.91 24.18 — 49.90

NM-CFM 62.53 £0.02 — 63.33 £008 58.65+022 — 60.34 076 24.84 +093 — 34.15 +0.74
MNIST

Corruption Level 0 1 2

SGD fine-tuning 98.93 — 98.93 96.58 — 97.78 18.8 — 97.55

NM-CFM 98.52 +0.01 — 98.79 £0.04 95.87 +0.01 — 97.01 £227 15.68 +0.17 — 91.21 +3.05

Table 2: Mean validation accuracy over five generated CNN3 classifiers after reward fine-tuning on increasingly corrupted
datasets. The arrow ’—’ indicates the accuracy before (left) and after (right) reward fine-tuning. Further results in Table 8.

likely for the support to lie closer to classifiers that disagree
on out-of-distribution Q than those disagreeing on P*.

4 Experiments

First, we confirm that CFM is able to do the basic task of
model retrieval. Next, we explore reward fine-tuning appli-
cations. Further experiments and details may be found in
Apps. D and E respectively.

Model retrieval

We first evaluate the conditional modeling capacity of the
flow meta-model. The target distribution p; is defined by
training base models on CIFAR10, CIFAR100, STL10, and
MNIST, and saving weight checkpoints across 50 epochs.
Due to its modest parameter count, we select the medium-
CNN (CNN3) (Schiirholt et al. 2022). We train just one
meta-model conditioned on context samples from their re-
spective training sets passed through a CLIP (Radford et al.
2021) encoder. At validation, we pass in a random support
sample and generate the full CNN3. Table 1 shows that mean
top-5 validation accuracies largely match base models, con-
firming capacity for conditional generation (see App. E for
computational details).

Adapting to distribution shifts

In this section, we investigate the use of reward fine-tuning
for shifting a distribution of classifier weights. Detail of our
modifications can be seen in App. C.

Support of classifier weights Notably, the method of re-
ward fine-tuning cannot be applied for arbitrary meta-model
fine-tuning since supp p = supp p§**. For some loss £, a
soft (due to discretization and random sampling) loss lower
bound for weights p'! is arginf,{a > 0 : supp p§* N {x :
L(x) < a} # 0}. We stress that this property of the support
is a function of both the downstream data and the model ar-
chitecture. Indeed, due to the small size of the CNN3, the
parameters that predict on different datasets e.g. CIFAR10
and STL10, will differ considerably, but this may not be
the case for larger neural networks which possess a larger
generalization set. We hypothesize: the support set of CNN3
weights trained for different datasets are narrow and mostly

disjoint, thus, small changes in the training data will notice-
ably affect the support w.r.t. validation accuracy. Note how
this ties back to the motivation of Meta-Detectron (Sec. 3).

Results We found experimental evidence to support this
hypothesis, but also to suggest that reward fine-tuning goes a
long way towards improving validation accuracy on out-of-
distribution data. Table 2 shows an experiment where we re-
ward fine-tuned the NM-CFM meta-model on increasingly
corrupted versions of the base training dataset (see App. E
for further details and results). The effect of the corruption
is noticeable on the support as reward fine-tuning, which is
constrained within the support set, fails to reach the accu-
racy of SGD fine-tuning. Indeed, we find accuracies to be
bounded above, often far below the validation accuracy ob-
tained from SGD fine-tuning for the most corrupted data.
This holds true even for mild corruption schemes, suggest-
ing the ideal classifier support on the corrupted set has little
intersection with the original support, indicating narrowness
of the set. Given this finding, we use it to approach the prob-
lem of harmful covariate shifts.

Detecting harmful covariate shifts

Shift Detection via Two-Sample Testing We adopt a
standard two-sample test, following Ginsberg, Liang, and
Krishnan (2023), to detect distributional shifts between an
in-distribution set P* and an unknown set Q. The null hy-
pothesis P* ~ Q is rejected at the 5% significance level
based on two statistics: entropy and disagreement rate.

Entropy. We measure predictive uncertainty over class
logits as

N
Entropy(x) = — Zﬁc log p. where p = £ (f(z) + g(z)),

c=1
4)
with f denoting the base classifier and g the generated clas-
sifier. Unlike Detectron, our approach does not employ CDC
ensembles.

Disagreement rate. We define the disagreement rate on a
sample set S € {P*, Q} as

Disagree(S) = éHx €S: f(z)#g@)}.



TPR@5 CIFAR10 Camelyon

Q] 10 20 50 10 20 50
Detectron (DAR) 0 0 d0+10 10+a00 20+.13  50+.a7
Meta-Detectron (DAR) .53 +.13 47+.a3 53+.a3 73+.12 40+a3 .68 +.10
Detectron (Ent) 60+16 .10+.00 .10=+.10 0 0 0
Meta-Detectron (Ent) A7 +13 93 +.07 1.00 1.00 0 24 + 09
AUROC CIFAR10 Camelyon

[e]] 10 20 50 10 20 50
Detectron (DAR) 0.480 0.495 0.665 0.665 0.750 0.875
Meta-Detectron (DAR)  0.876 0.838 0.900 0.867 0.760 0.930
Detectron (Ent) 0.775 0.740 0.785 0.490 0.445 0.660
Meta-Detectron (Ent) 0.809 0.987 1.000 1.000 0.836 0.755

Table 3: TPR@5 and AUROC for detection of harmful covariate shift on CIFAR10.1 and Camelyonl7. We test on both the
disagreement rate (DAR) and the entropy (Ent), setting A = x/(|Q|+1). See App. E for details on choosing « and extra results;
the runs here vary x between |Q|. The best results are bolded.

Statistical testing. We apply a Kolmogorov—Smirnov test
to the entropy distributions obtained from gp~ and gq. Intu-
itively, when Q is out-of-distribution, the generated classifier
exhibits higher entropy and disagreement on Q compared to
P*, reflecting greater uncertainty due to the base model f
being less confident on Q. Formally, we test the null hypoth-
esis E[¢q] < E[¢p+], where ¢ denotes either the entropy or
disagreement statistic and the expectation is taken over ran-
dom seeds. The result is deemed significant at level « if ¢pq
exceeds the (1 — «) quantile of ¢p~, with & = 0.05 in all
experiments.

Results We evaluate Meta-detectron on CNN3 with ex-
periments following Ginsberg, Liang, and Krishnan (2023)
on CIFAR10.1 (Recht et al. 2019), where shift comes from
the dataset pipeline, and Camelyon17 (Veeling et al. 2018),
which consists of histopathological slides from multiple
hospitals. Table 3 shows the True Positive Rate at 5% Sig-
nificance Level (TPR@5) and AUROC aggregated over 10
randomly chosen seeds for sampling P* and Q of varying
sample sizes. In addition, we ablated over the weight \; see
App. E for details and further results. Compared to the orig-
inal tests (Ginsberg, Liang, and Krishnan 2023, Table 1)
on ResNet-18, we observe that covariate shift is highly ar-
chitecture dependent. This is expected as CNN3 underfits
CIFARI10 (~ 63% validation accuracy). Our approach ac-
counts for this as the base classifiers are generated directly
by the fine-tuned meta-models. We also observe—though not
shown—lower disagreement rates overall, which pays off in
the TPR@5 as the P* disagreement rates are close to zero
in all cases, and showcases the conservative nature of our
method. Indeed, we expect the disagreement rate to be more
conservateive overall due to the tightness of the support. Im-
portantly, we also observe in Table 10 (App. E) that the vali-
dation accuracy on P is mostly unchanged. Regarding meta-
training behavior, Figure 2 shows that the AUROC increases
sharply early in the reward fine-tuning phase, requiring only
about 50 batch iterations to reach its peak. This coincides
with a marked decrease in £.4.. However, we also note some

— DAR AUROC
— Entropy AUROC
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Figure 2: Plots illustrating how AUROC and /.4, evolves
over meta-detectron training iterations for CIFARI0 and
Camelyonl7 when |Q| = 20. See App. E for more figures.

instability in the AUROC, particularly in the Camelyon ex-
periments, where fluctuations are more pronounced.

5 Conclusion

In this work, we presented a preliminary investigation of
flow matching for generative modeling in weight space, with
a focus on detecting harmful covariate shifts. While our
experiments demonstrate the promise of this approach, the
scope of our study is limited by computational constraints,
restricting our evaluation to architectures with fewer than
108 parameters. Future work will address these limitations
by exploring equivariant architectures to reduce the effective
dimensionality of weight space, increasing the diversity of



training datasets, and incorporating stochastic weight evo-
lution through Schrddinger bridge matching. Beyond shift
detection, the proposed framework also opens several excit-
ing avenues for research, including model merging via su-
perposition of the inference ODE/SDE (Skreta et al. 2025)
and extensions to network-constrained settings such as the
generation of binary neural networks.
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