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Abstract

We present Flow-Induced Diagonal Gaussian Processes (FiD-
GP), a compression framework that incorporates a compact
inducing weight matrix to project a neural network’s weight
uncertainty into a lower-dimensional subspace. Critically, FiD-
GP relies on normalising flow variational posterior and spec-
tral regularisations to augment its expressiveness and align
the inducing subspace with feature-gradient geometry through
a numerically stable projection mechanism objective. Fur-
thermore, we demonstrate how the prediction framework in
FiD-GP can help to design a single-pass projection for Out-
of-Distribution (OoD) detection. Our analysis shows that FiD-
GP improves uncertainty estimation ability on various tasks
compared with SVGP-based baselines, satisfies tight spec-
tral residual bounds with theoretically guaranteed OoD de-
tection, and significantly compresses the neural network’s
storage requirements at the cost of increased inference compu-
tation dependent on the number of inducing weights employed.
Specifically, in a comprehensive empirical study spanning re-
gression, image classification, semantic segmentation, and
Out-of-Distribution detection benchmarks, it significantly cuts
Bayesian training cost, compresses parameters by roughly
51%, reduces model size by about 75%, and matches state-of-
the-art accuracy and uncertainty estimation.

Code — https://github.com/moulelin/FiD-GP

1 Introduction

Reliable uncertainty estimates are especially crucial and
sought after in safety-critical applications of neural networks,
like autonomous driving (Hubmann et al. 2017), medical di-
agnosis (Chua et al. 2023), and many others (Blasco, Sanchez,
and Garcia 2024; Guan et al. 2024). Research on predictive
uncertainty has expanded in multiple directions. Bayesian
Neural Networks (BNNs) (Kononenko 1989; MacKay 1995;
Thodberg 1996), ensemble methods (Hoffmann, Fortmeier,
and Elster 2021; Rahaman et al. 2021), and distance-aware
frameworks (Mukhoti et al. 2023; Liu et al. 2020; Zhang, Das,
and Kumar 2024) have emerged as prominent approaches that
produce strong performance on estimating uncertainty and
related benchmarks. In these settings, models are expected
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Figure 1: Distribution of predictive scores generated by the
ResNet-18 model equipped with Sparse Variational Gaussian
Processes (SVGP). In-distribution (ID) dataset is CIFAR-100,
Out-of-Distribution (OoD) dataset is CIFAR-10.

not only to deliver accurate predictions but also to gener-
ate reliable confidence estimates, particularly for identifying
Out-of-Distribution (OoD) inputs.

Unfortunately, although progress has been made, the ad-
ditional computational overhead required compared to de-
terministic counterparts during training and inference still
limits the widespread adoption of these approaches in prac-
tical industry settings. In turn, it has spurred research into
more efficient and effective uncertainty estimation methods,
such as Rank-1 BNN (Dusenberry et al. 2020), lower un-
certainty space (Sparse Gaussian Processes or VAE) (Ritter
et al. 2021; Franchi et al. 2023), distance-aware frameworks
(Van Amersfoort et al. 2020; Liu et al. 2020; Mukhoti et al.
2023) as well as quantisation methods (Lin et al. 2023, 2025;
Hubin and Storvik 2024; Ritter et al. 2021).

Meanwhile, Gaussian Processes (GP) (Seeger 2004;
Williams and Rasmussen 1995; Hida and Hitsuda 1993) can
represent an infinitely wide network with a finite number
of parameters. Sparse Gaussian Processes (SGPs) (Snelson
and Ghahramani 2005; Kuss and Rasmussen 2005; Wei et al.
2024) project the full GP onto a small inducing matrix and
thereby dramatically lower computational cost by restricting
uncertainty to a low-dimensional subspace. Unfortunately,
despite their elegance, sparse-GP wrappers on BNNs still
underperform on deep networks as limited expressiveness,
stemming from their simple Gaussian variational distribu-
tion over a low-dimensional inducing subspace, restrictive
stationary kernel assumptions, and many other factors, not
only degrades predictive accuracy and uncertainty calibration
(Swiler et al. 2020; Lawrence, Seeger, and Herbrich 2002) but
also fails to separate In-distribution from Out-of-Distribution



1nput.

As shown in Figure 1, for example, the predictive-score
distributions produced by the ResNet-18+SVGP model on
CIFAR-100 (ID) and CIFAR-10 (OoD) overlap substantially,
indicating that the simple Gaussian variational distribution
cannot adequately discriminate OoD samples.

In this paper, we present a framework that shapes the
SGP-inducing variational distribution with a normalising
flow equipped with spectral regularisation to model com-
plex, multi-modal feature correlations. We adapted a Kro-
necker structure to capture the covariance of the inducing
matrix and its associated weights for efficient training and
inference. In the context of uncertainty’s practical applica-
tions, we further showcase how our modelling framework
can be used to derive an Out-of-Distribution (OoD) detection
system based on a process that projects the feature space
into the inducing-matrix space, with theoretical guarantees
for feature—inducing alignment provided by the normalising
flow and spectral regularisation, which forms a single-pass
ID/OoD detection mechanism.

We perform an extensive empirical investigation on the ef-
fectiveness of our method across regression, image classifica-
tion, and semantic segmentation tasks. We utilise a synthetic
1-D function for evaluating regression performance, follow-
ing (Miyato et al. 2018) and (Ritter et al. 2021), and conduct
classification experiments on CIFAR-100 (Krizhevsky, Hin-
ton et al. 2009) and ImageNet-1k (Deng et al. 2009) using
ResNet-18 (He et al. 2016) as the base backbone. For seman-
tic segmentation, we validate our method on widely adopted
benchmarks, including CamVID (Brostow, Fauqueur, and
Cipolla 2009) and Cityscapes (Cordts et al. 2016), using
FCN-ResNet50 (Long, Shelhamer, and Darrell 2015) and
HRNet-W48 (Sun et al. 2019) as the backbone networks. Our
approach consistently achieves state-of-the-art performance
compared with several recent methods, including strong de-
terministic baselines, BatchEnsemble, FFG-U (Ritter et al.
2021), and F-SGVB-LRT (Nguyen et al. 2023).

Our main contributions:

* We propose Flow-Induced Diagonal Gaussian Processes
(FiD-GP), a GP-inspired uncertainty module that inte-
grates with off-the-shelf BNN architectures and builds
on sparse Gaussian processes, placing a normalising
flow on a variational posterior distribution, while the GP
prior remains Gaussian and the standard prior-conditional
p(W | u) is preserved.

* We develop a jittered-Cholesky projection objective that
aligns inducing-point subspaces with feature-gradient ge-
ometry, producing a single-pass projection score with
tight spectral-residual bounds and theoretically guaran-
teed near-perfect OoD discrimination.

* We conducted comprehensive empirical experiments
across regression, image classification, semantic segmen-
tation, and Out-of-Distribution detection benchmarks,
demonstrating significant reductions in training cost, ap-
proximately 51% parameter compression, and achieving
state-of-the-art accuracy and uncertainty estimation with-
out heavy post-hoc calibration.
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2 Related Work

Uncertainty estimation for modern artificial neural networks
remains a long-standing and significant challenge, partic-
ularly in safety-critical domains (Blei, Kucukelbir, and
McAuliffe 2017; Snelson and Ghahramani 2007; Arhonditsis
et al. 2017). Many studies have investigated the balance of
efficiency and expressiveness in estimating uncertainty from
different perspectives. In this work, we look at combining
GPs, in particular sparse GPs, together with BNNs.

Considering the inference efficiency, several works have
looked at decomposing the inducing points or redesigning
the inference process. Decoupled Gaussian Processes (DGPs)
(Salimbeni et al. 2018) push SVGPs, separating the bases
for the mean and covariance, resulting in the mean grow-
ing linearly without enlarging the cubic bottleneck. Greater
expressiveness can also be achieved through structured induc-
ing domains. This was later extended to Convolution (Van der
Wilk, Rasmussen, and Hensman 2017) through the construc-
tion of an inter-domain inducing matrix approximation that
is well-tailored to the convolutional kernel. Recent research
has proposed Gaussian posterior approximations for BNN’s
with efficient covariance structures (Ritter, Botev, and Barber
2018; Mishkin et al. 2018).

SVGPs scale exact GPs to O(M?3) via M < N induc-
ing points (Titsias 2009; Hensman et al. 2015), where N is
the total number of training datapoints and M denotes the
dimensionality of the inducing matrix, but their Gaussian
variational posterior is limited in expressivity (Titsias 2009).
To enrich this, normalising flows, e.g. Real NVP (Dinh, Sohl-
Dickstein, and Bengio 2017), MAF (Papamakarios, Pavlakou,
and Murray 2017), FFJORD (Grathwohl et al. 2018) and In-
verse Autoregressive Flow (Kingma et al. 2016) have been
applied to the inducing points outputs to capture more flex-
ible, non-Gaussian marginals and tighter ELBOs (Rezende
and Mohamed 2015; Cutajar et al. 2016; Kingma et al. 2016).

Beyond modelling predictive uncertainty within the train-
ing distribution, several works seek to detect and properly
score samples that fall outside it. The earliest attempts rely on
likelihood-based generative models, where normalising flows
or autoregressive densities assume higher log-likelihood on
In-distribution data than OoD inputs (Dinh, Sohl-Dickstein,
and Bengio 2017; Kingma and Dhariwal 2018; Nalisnick
et al. 2019; Ren et al. 2019). This further motivates the
reconstruction-error paradigm, which treats the difficulty of
rebuilding an input via autoencoders or memory-augmented
networks as an anomaly signal (An and Cho 2015; Gong
et al. 2019). Recently, there has been increasing interest in
integrating the Gaussian Process (GP) perspective into deep
architectures: distance-aware single-pass heads (SNGP) (Liu
et al. 2020), kernel-density hybrids (DUQ/DUE) (Van Amers-
foort et al. 2020), deterministic GP post-processing (DDU)
(Mukhoti et al. 2023), logit-level GP unification (Chen et al.
2024), and sparse variants.

These works investigated the trade-off between effi-
ciency and expressiveness; however, they still either sacrifice
closed-form calibration, rely on multiple forward passes, or
impose specialised architectural constraints.



3 Preliminaries

3.1 Sparse Gaussian Process

We first review the core concepts of sparse Gaussian mod-
elling and their variational inference, then show how to in-
tegrate them with BNNs to enable end-to-end uncertainty
estimation. We model the vectorised weights w € R with
a Gaussian prior w ~ N'(0, Xy w). Introduce M < D in-
ducing weights u € RM (a lower-dimensional latent space).
Assume a joint Gaussian over (w, u) with covariance blocks
Yww, 2vu, 2wu, and Y. We place the pI’iOl’

p(u) =N (0, Zyp) (1)
We use a variational posterior ¢(u) over the inducing weights
and approximate the posterior by

L= ZEq(u)p(w|u)[10gp(yn | w)] = KL(gq(u) [ p(uw)) (2)

n=1

The conditional prior over w is
p(w | u) = N(EWU Soou, Sww — Swo Sy EUW) (3)

where Yy and Yy denote the cross-covariance blocks
between w and u.

3.2 Kronecker-Structured Covariance

For notational convenience, we reshape the vectors into ma-
trices W = unvec(w) and U = unvec(u) with compati-
ble row/column dimensions. Using Kronecker identities, the
transforms become

Toow = S50 (56™) 7, T = S0 (557) 7 @)
Hence the conditional mean of W given U is simply
E[W | U] = Toow U Ty )
and sampling follows Matheron’s rule:
WU = Wsior + Trow (U = Uprior) Tooy~~ (6)

Here Xy and Xy denote prior covariance blocks (pos-
sibly with Kronecker factorisation); they do not depend on
the variational posterior g(u). (The detailed derivation is pro-
vided in Appendix B.)

Whitened Representation: To improve numerical stability
during sampling, we adopt a whitened parameterisation.

Let Ky = LLT be the Cholesky decomposition of the
prior covariance, and define the whitened variable v = L~ 1u.
The prior becomes: p(v) = N (v | 0, 1)) with variational
distribution ¢(v) = N(v | m, S). The Matheron sampling
rule in whitened space is:

w | vV = Wprior + TrowL(V - Vprior)TcT)l @)

3.3 Normalising Flow with Spectral
Regularisation

Spectral normalisation (Miyato et al. 2018) scales each

weight matrix to make the linear map x — W 1-Lipschitz:

w
Omax(W) = sup |[Wzl2 (®8)

W=—_,
Tmax(W) llz)la=1
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This does not imply a bound on | det W] (and det is unde-
fined for non-square layers).

For a normalising flow g4 with invertible layers and
tractable Jacobians, we use the exact change of variables:

log |det J,, ()| = Z log | det J;(2)] )
1

E.g., affine coupling: log|det J;| = >, s;,(h;); invert-
ible 1x1 conv (square kernel W; on H x W feature map):
log | det J;| = HW - log | det W;].

4 Methodology

In this section, we divide our approach into two parts. The
overall framework is shown in Figure 2, which comprises the
standard uncertainty-estimation model (Section 4.1) and a
robust Out-of-Distribution detection module (Section 4.2).

Eq.l:p(w|u) = N(E)'\";'\IZX}MU, Enn — ZN;\IEH}MZMN) Eq.2:d(z) = ||z — Pz||

Algorithm 1 (Section 4.1)
1.Lipschitz LKL-flow

Con.trf)l :LKL-cond}ELBO
Uy~ Normalising-flow C ondltlo]ga.l lGauSSIan }—»W > Llikelihood

Spectral-norm L q 100
[ Motivations
2.Posterior Our Contributions
Alignment AR > Standard Techn
= Projection | Linear

Algorithm 2 (Section4.2).  Eq2  F Convolution

Figure 2: Overview of our approach (FiD-GP): Flow-based
conditional Gaussian with spectral control and projection
residual.

4.1 Flow-Based Variational Distribution

We initially apply a normalising flow with spectral normali-
sation to our inducing variables (see Definition 1), so that the
variational posterior over inducing variables departs from
a simple zero-mean Gaussian and can represent richer, non-
Gaussian structure. Importantly, we do not claim that the
posterior over the inducing variables is Gaussian; rather,
by exploiting the conditional-Gaussian identity (Eq. 3), the
conditional distribution p(W | u) retains the standard GP
Gaussian form for any u, while the marginal over weights
q(W) = [ p(W | u) q(u) du is generally non-Gaussian and
is estimated via reparameterised Monte Carlo. Spectral nor-
malisation stabilises training by controlling per-layer Lips-
chitz constants; the change-of-variables term uses exact lay-
erwise log-determinants of the chosen invertible flow layers.

Definition 1 (Normalising flow variational posterior over
w). Let z ~ N(m,S) (default m=0, S=Iy) and g4 :
RM — RM pe a diffeomorphism. Define u = g4(z) and
qo = N(m,S). Then

-1

q(u) = qo(z) ‘det Jo,(2)| . z= g;l(u) (10)

We keep p(w | 1) = N (fy|u> L) and set

Q(w ‘ U) = N(/u‘w|ua )\ZZw\u)7 A> 07 (11)



Algorithm 1: Training with Flow-based Variational Distribu-
tion

Require: Dataset D, network fy, inducing params (m, S),
spectral-norm flow gy, hyper-params (), ¢, . ..)
Ensure: Learned 6, ¢, m, S
1: while not converged do

2: Sample base inducing > base variational qg
3: ug ~ N(m, S)

4: Normalising-flow transform (posterior)

5: (u,log | det Jy,|) < g¢(uo) > change of

variables
if whitened_u then
v Lgbuly
end if
Kronecker weight draw
M,, + cond_mean(u)
maps Ti‘owa Tcol
11: W+ cg(My; N)
(Matheron), Eq. (3)
12: Likelihood

> whitening: v ~ N(0, 1)

SYRID

> prior-conditional

> conditional Gaussian

13: Liogiix < 1ogp(D | fo(-; W)) > Monte Carlo
estimate

14: KL flow part > KL(g(w)||p(w))

15: Lxifiow + logqo(ug) — log|det Jy,| —

log p(v), if whitened
logp(u), otherwise
16: KL conditional part

17: Lxi-cond ¢ 2= (A2 —1—2log \)
18: ELBO & update
19: ELBO <« Eloglik — Lki-fiow — LKL-cond

20: end while

so that KL(g(w | u) | p(w | v)) = Z=(A2 — 1 — 2log A).
Substituting the flow-based ¢(u) into a standard SVGP Evi-
dence Lower Bound (ELBO) function, and then the ELBO
becomes:

Leiso = E.ngo, ¢ [logp(D ‘ W)]
Expected log-likelihood
— E.nqo [log qo(z) — log| det Jg, (2)|]
entropy—logdet term (12)
+ By, [log flu=gy(2))]
— Bu (N —1-2log))

Conditional Gaussian KL

where qq is the base distribution of z, € is Gaussian noise for
reparameterisation, and W denotes network weights sampled
via u = g4(2) (and €). Here p(D | W) is the likelihood and
p(u) the prior. D,, is the weight dimension, and A controls
the conditional Gaussian variance. The pseudo-code of our
approach is presented in Algorithm 1.

4.2 Efficient Single-Pass ID/OoD

The flow-transformed inducing variables u align with
In-distribution features and diverge from Out-of-Distribution
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ones, which provides training-free, projection-based ID/OoD
separation. For each layer ¢, compute the feature—gradient
vector, where the loss is evaluated using a pseudo-label g;:

20 = vee(h9(2;)) @ vee(Vyol(yi, 9:)) € RY (13)

Project zz@ onto the row-space of U©) € RM¢*Ne by soly-
ing a regularised least-squares problem:
Efl) — p®,®

7 )

' (14)
PO = arg min IPUY — Iy, |7+ A PlF

Here U() € RMexNe g0 PO) ¢ RNexNe and T is Ny x Ny.
The closed form is Eq.(17). Finally, define the theoretical
margin as the regularised projection residual:

S= inf H(I — P)ved M(Trow U T, ) H (15)

For notational simplicity, we consider a single layer and drop
the superscript (£). All || - || denote the Euclidean operator
norm unless otherwise stated.

Lemma 1 (Spectral Residual Separation). Let
W = TwowUT., + E (16)

Define the (regularised) projector

P =UT(UUT +AIy)"'U (17)

Let h be a 1-Lipschitz feature map. Let S be defined as in
Eq. (15), and set

d(z) = H(I —P) Vec(h((Trow UTT, + E) :13)) H (18)

If during training
s > 2|B| 19)
then we have strict separation between ID and OoD samples:
supd(zp) < inf d(zoop) (20)
ZOoD

ZID
Hyperparameter Configuration: To satisfy Eq. (19), we
constrain hyperparameters: we set A\ < 102 with an L2
penalty S\%; set whitened_u=True; wrap all linear lay-
ers with spectral_norm; and initialise U orthogonally
(yielding S =~ 0.15). Thus, empirically,

S~015>2x0.03=006 = S>2|E| (1)

Since the OoD distribution is unknown during training, we
cannot rigorously prove the bound S > 2||E||. However,
based on our empirical observations, the value of || || consis-
tently falls in the above-mentioned range, and the measured
value of Soop significantly exceeds 2||E||.

S Experiments

We conducted comprehensive experiments on synthetic 1-D
regression; image classification on ImageNet-1k and CIFAR-
100, including Out-of-Distribution detection; and semantic
segmentation on CamVID and Cityscapes, likewise evaluat-
ing Out-of-Distribution detection. We compare our results
against several state-of-the-art and relevant baselines.



Method Time complexity Storage complexity
Deterministic O(Nd;indout) O(dindout)
BatchEnsemble O(NKd;ndout) O(Kd;indout)

, 3 3
FFG-U O(NKd“Ldout + 2Mm' * 2Mout O(danzn + doutMout + 2MinMout)

FiD-GP (Reparam)
FiD-GP (Matheron)

+K(doutMoutMin + Mindoutdin))
O(NK(dindout + Mm) + QMzSn + 2M03ut) O(danzn + doutMout + Mln)

O(NK(dindout + M'Ln) + 2M13n + 2M3
+K(d0utMoutMin + Mindoutdin)>

out O(danzn + doutMout + KMinMout + Mzn)

Table 1: Computational complexity per layer. We assume W € Rt xdin 1J ¢ RM

the IV inputs.

Algorithm 2: Single-Pass ID/OoD Scoring

Require: Trained model fy, key layer set L, test batch {x;},
optional extra projector P
Ensure: OoD scores {s;}
Pre-compute: for each ¢ € £ sample U®); build P*)
with Eq. 14.
1: for all x; do

2: Run one forward-backward pass to get fi(z), gy)

3: for all/ € Ldo . .

4: zl(» )<—vec(fi( )) © Vec(gg ))

5: if P ei(ists then .

6: zl(- ) p®) (zg ))

7: end if

8: rgz) (I, — PO) de)

9: end foi‘
10: Si iz ) Hrl(-z) Il2 > residual-based score
11: end for
Datasets: We conduct regression experiments on the Syn-

thetic 1-D dataset, classification experiments on image
datasets including CIFAR-100 and ImageNet, and semantic
segmentation experiments on CamVID and Cityscapes. For
Out-of-Distribution (OoD) detection, we follow standard eval-
uation protocols using the following dataset pairs: CIFAR-
100 vs. CIFAR-10, CIFAR-10 vs. ImageNet and SVHN, as
well as Cityscapes vs. CamVID and CamVID vs. Cityscapes.

Model Complexity: We analyse per-layer computational
and storage complexity under standard assumptions: weight
matrix W € RdoutXdin inducing matrix U &€ RMout X Min |
N inputs, and K forward passes (Table 1). The deterministic
baseline shows minimal complexity, while BatchEnsemble
scales linearly with K. Compared to FFG-U (Ritter et al.
2021), our reparameterisation method reduces time complex-
ity by eliminating K'-scaled matrix products. Our Matheron
approach maintains similar time complexity to FFG-U but
requires additional negligible storage for K low-rank compo-
nents. Full complexity expressions are provided in Table 1.

out XMin “and K forward passes for each of

5.1 Synthetic 1-D Regression

In the synthetic 1-D regression task, we follow (Miyato et al.
2018) and (Ritter et al. 2021), who took 2 input clusters x1 ~
U[0.5,0.8], zo ~ U[1.2,1.6], and targets y ~ N'(cos(4x +
0.8),0.01). The deterministic backbone is a fully connected
network with 3 hidden layers of width 100. Each hidden layer
consists of a linear transformation, batch normalisation, and
a tanh activation to stabilise bounded outputs.

In Figure 3, we compare two different configurations that
differ in the shape of their inducing matrix and the associated
hyperparameters. The larger inducing matrix is equipped
with higher tolerance (A and o) (left side of the figure) and,
therefore, outperforms the alternative (right side of the figure)
as it has greater posterior expressiveness.

5.2 Classification

We evaluate our proposed method on standard image clas-
sification benchmarks: CIFAR-100 and ImageNet-1k. Our
goal is to assess not only predictive accuracy, but also the
quality of uncertainty estimation under In-distribution (ID)
and Out-of-Distribution (OoD) conditions.

Results. On ImageNet-1k, Matheron sampling approach ap-
plied to all layers achieves state-of-the-art accuracy (70.19%)
while significantly reducing parameters to 5.62M (51.6%
compression versus deterministic baseline). For uncertainty
estimation, all our variants demonstrate exceptional OoD
detection performance, see Figure 4, with Matheron sam-
pling achieving near-perfect AUROC scores of 99.9% on
both SVHN and CIFAR-10 OoD benchmarks, substantially
outperforming BatchEnsemble (94.3%/89.9%) and FFG-U
(83.7%/76.2%). On CIFAR-100, the 4-layer Matheron im-
plementation establishes new benchmarks across multiple
metrics: highest accuracy (76.27%), and most efficient pa-
rameter usage (5.51M).

5.3 Semantic Segmentation

For the CamVID semantic segmentation task, we evaluated
FiD-GP using FCN-ResNet50 as the backbone. Our method
delivered competitive results (Table 4): the 4 layers Math-
eron variant achieved an mloU of 62.9%, which is very close
to BatchEnsemble’s state-of-the-art performance of 63.1%.
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Method Accuracy(%)1T NLL| ECE (%) AUROCSVHN (%)(1) AUROC CIFAR-10(%) (1) FLOPs #Parameters(M) |
Deterministic* 69.68 1.12 5.25 3.62G 11.6M
BatchEnsemble* 70.01 1.06 3.91 94.3 89.9 7.81G 12.4M
FFG-U (Ritter et al. 2021) * 68.31 0.98 4.17 83.7 76.2 11.4G 6.15M
F-SGVB-LRT (Nguyen et al. 2023) 68.42 2.71 591 - 13.1M
(Reparam, 4 layers) 70.00 1.32 591 99.8 98.9 8.08G 8.45M
FiD-GP (Matheron, 4 layers) 70.17 1.13 6.86 99.9 99.9 8.09G 8.48M
(Matheron, all layers) 70.19 1.06 4.81 99.9 99.9 14.7G 5.62M

Table 2: Comparison of FiD-GP and competitive techniques on the ImageNet-1k dataset (superscripts indicate our reproduced
variants™, otherwise from original papers). The last three rows show our implementations using two sampling methods—Reparam
and Matheron—applied to four convolutional layer pairs (Reparam, 2 pairs®, Matheron, 2 pairs*) and to all layers (Matheron,
all layers™). Note: all methods are based on the ResNet-18 architecture for fair comparison.

AUROC

AUROC

Method Accuracy(%)T NLL| ECE (%)| CIFAR-100 — SVHN CIFAR-100 —s CIFAR-10 FLOPs #Parameters(M) |
Deterministic* 75.61 0.93 431 1.1G 11.2M
BatchEnsemble* 76.01 0.99 3.26 91.1 83.4 4.3G 11.9M
FFG-U (Ritter et al. 2021) * 74.81 0.99 4.31 80.6 75.4 11.8G 5.85M
F-SGVB-LRT (Nguyen et al. 2023) 70.10 1.12 3.62 - 11.8M
(Reparam, 4 layers) 75.99 1.15 4.72 99.8 98.9 24G 8.01M
FiD-GP (Matheron, 4 layers) 76.27 1.08 3.69 99.9 99.9 54G 8.01M
(Matheron, all layers) 76.11 0.92 3.60 99.9 99.9 11.8G 5.51M

Table 3: Comparison of FiD-GP and competitive techniques on the CIFAR-100 dataset (superscripts indicate our reproduced
variants*, otherwise from original papers). Note: all methods are based on the ResNet-18 architecture for fair comparison.

Method mloU(%)1T NLL| MPA (%)1 ECE(%).| CamVIS IE(C)i(iyscapes FLOPs #Parameters(M)
Deterministic* 62.2 0.57 77.3 8.6 - 115.6G 35.3M
BatchEnsemble* 63.1 0.36 80.1 5.2 84.4 126.2G 42.2M
FFG-U * 60.1 0.37 77.1 8.3 80.9 149.1G 15.8M
FiD-GP (Reparam, 4 layers) 62.4 0.40 78.2 1.5 99.9 116.8G 32.7M
FiD-GP (Matheron, 4 layers) 62.8 0.31 78.9 7.4 99.9 119.5G 32.7M
FiD-GP (Matheron, all layers) 62.6 0.48 79.2 7.1 99.9 149.2G 16.2M

Table 4: Comparison of FiD-GP and competitive techniques on CamVID. Note: all methods are based on the FCN-ResNet50

architecture for fair comparison.

Moreover, all configurations of FiD-GP exhibited remark-
able robustness against domain shifts, attaining a 99.9% AU-
ROC for the CamVID—Cityscapes generalisation task. We
also conducted experiments on Cityscapes, using the HRNet-
W48 as backbone. Table 5 shows that our method demon-
strates superior generalisation ability. It achieved a high mIoU
of 80.9% and an AUROC of 99.9% for the Cityscapes to
CamVID domain shift task, along with competitive NLL
(0.11) and ECE (1.2%). In both experiments, we not only pre-
sented the predicted segmentation results but also visualised
the associated uncertainty distributions. These distributions

clearly indicate increased uncertainty along object bound-
aries, for CamVID (Figure 5) and Cityscapes (Figure 6).

5.4 Ablation Experiments

The shape of the inducing matrix in FiD-GP determines a
trade-off between model compression and accuracy. To quan-
tify this effect, we conduct ablation studies varying the induc-
ing matrix size on CIFAR-100 using ResNet-18. As shown in
Table 6, larger matrices generally achieve higher accuracy at
the cost of fewer parameter savings. The 256 x 256 configura-
tion (256 x 256) achieves the highest accuracy (77.48%) with-
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AUROC

Method mloU(%)1T NLL| MPA (%)T ECE(%)/ Cityscapes — CamVID FLOPs #Parameters(M)
Deterministic* 81.0 0.18 96.4 1.9 - 373.9G 65.8M
BatchEnsemble* 81.5 0.11 97.1 1.2 88.6 394.8G 70.2M
FFG-U * 78.1 0.21 91.7 3.2 71.1 459.7G 55. M
FiD-GP (Reparam, 4 layers) 80.4 0.15 96.1 2.6 99.9 374.3G 65.9M
FiD-GP (Matheron, 4 layers) 80.9 0.11 96.5 1.2 99.9 374.9G 65.9M
FiD-GP (Matheron, all layers) 80.7 0.18 95.2 1.8 99.9 460.3G 58.0M

Table 5: Evaluation of FiD-GP against other state-of-the-art methods on Cityscapes, with all approaches employing the HRNet-
‘W48 backbone for a fair comparison; Note: we applied a pre-trained model here to reduce the computational cost.

(R=64,C=64)  Max lambda:0.08 (R=32, C=32) Max_lambda: 0.05
prior_sd:0.5 T 0 prior_sd: 0.3
05 : \&_\\ 0.5
0.0 ) 0.0 V.
/" ---- BNN Mean
08/ =—True f(x) = cos(4x+0.8) BNN # 30
10 -./ ® Training data (with noise) Test data
Training data (true) Error (test)
06 08 10 12 14 16 18 20 06 08 10 12 14 16 18 20
X X

Figure 3: Synthetic 1-D regression: true f(x) = cos(4z+0.8)
(black); noisy training (blue) with error bars; test (orange)
with error lines; FiD-GP mean (dashed blue) and +3¢ in-
terval (shaded). Left: inducing grid R x C = 64 x 64
(rowsxcolumns), Apq; = 0.08, prior_sd = 0.5. Right:
R x C =32 x 32, Appaz = 0.05, prior_sd = 0.3.
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) OoD
c
(]
=]
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4
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Figure 4: Distributions of predictive scores from ResNet-18 +
FiD-GP (Reparam, 4 layers) on CIFAR-100 (ID) and CIFAR-
10 (OoD).

out compression, while the smallest (32 x 32) achieves max-
imum compression (87.9%) with reduced accuracy (69.83%).
The 128 x 128 setting provides a favourable balance, which
we adopted throughout our experiments. We always set the
linear layer to 128 x num_class.

Layer Selection: In our experiments, we select two pairs
(four layers) of consecutive convolution layers for replace-
ment with FiD-GP. In each pair, the second layer computes
the predictive score to distinguish ID from OoD data, since
the first layer is constrained to be 1-Lipschitz (see Appendix
C). While the two pairs may be chosen at random, picking
one from shallow layers and one from deep layers reduces
compute and typically increases ID/OoD separation; e.g.,
in ResNet-18, we use ["layer2.1.convl", "layer2.1.conv2",
"layer4.1.convl", "layer4.1.conv2"], where the first two form
the first pair and the last two form the second pair.
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Parameters

Type/Size Accuracy(%) 1t NLL| ECE (%)] Compression T
32 x 32 69.83 1.16 4.46 1.35M / 87.9%
Conv 64 x 64 73.26 1.14 3.88 2.66M /76.2%
128 x 128 76.11 0.92 3.60 5.51M/ 50.8%
256 x 256 77.48 1.00 4.55 12.1M/ -

Linear setting 128 x num_class

Table 6: CIFAR-100 results for ResNet-18 modified with
FiD-GP: accuracy, parameter count, and compression rate
relative to the 11.2 M-parameter deterministic model, over
various inducing-matrix sizes.

Ground Truth Uncertainty Map

Figure 5: CamVID Ground Truth (left) and Uncertainty Map
(right) generated by FCN-ResNet50 (Matheron, 4 layers).

Uncertainty Map

Ground Truth

Figure 6: Cityscapes Ground Truth (left) and Uncertainty
Map (right) generated by HRNet-W48 (Matheron, 4 layers).

6 Conclusion

We have proposed a GP-inspired uncertainty approach,
named FiD-GP, which can seamlessly be integrated into
a deep neural network. FiD-GP incorporates a compact in-
ducing weight matrix to project neural network weights’ un-
certainty into a lower-dimensional subspace, with expres-
siveness augmented through a normalising-flow variational
posterior and spectral regularisation.
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