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Abstract

We present a hybrid convolutional architecture that combines trainable PDE-based
preprocessing with a Variational Information Bottleneck (VIB) to improve generaliza-
tion in image classification. The PDE stage applies a small number of discretized Lapla-
cian steps with learnable step size and depthwise coupling, injecting physics-inspired
inductive bias into early feature maps. A tensor-wise VIB module then parameterizes a
Gaussian latent (i, log 02) via 1 x 1 convolutions and enforces information compression
through a KL penalty to a unit prior, encouraging retention of task-relevant features
while discarding nuisance variability. The compressed representation feeds a ResNet-
18 backbone adapted for CIFAR-10 inputs. On CIFAR-10, systematic variation of the
VIB weight 8 shows that moderate compression yields improved test performance and
training stability relative to both a baseline CNN and a PDE-only variant. Qualitative
analysis indicates smoother activations and reduced sensitivity to input noise, consis-
tent with the information-theoretic objective. The results suggest that PDE priors and
variational compression act complementarily, offering a principled path to robust and
generalizable convolutional models.
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1. Introduction

Convolutional Neural Networks (CNNs) have become the foundation of modern computer
vision, demonstrating outstanding performance across various image classification tasks. Ar-
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chitectures such as ResNet [1] have shown that deep hierarchical representations can capture
complex visual patterns; however, their ability to generalize remains sensitive to data quality,
overparameterization, and the presence of irrelevant features. Improving generalization thus
requires mechanisms that not only increase model capacity but also regulate the information
flow within the network.

Recent studies have explored the incorporation of domain knowledge into CNNs to embed
structural priors and reduce reliance on purely data-driven learning. In particular, Partial
Differential Equation (PDE)-based layers [2], derived from the discretization of physical
processes such as diffusion and wave propagation, have been shown to enhance low-level rep-
resentations by enforcing spatial smoothness and continuity. These physics-inspired kernels
act as a regularizing bias, improving robustness without adding significant computational
cost. Yet, such deterministic transformations may also retain redundant information, which
can propagate noise through deeper layers.

To address this limitation, this article builds upon a previous study presented at the
Conference on Computer Science and Information Technologies (CSIT 2025) [3], where the
integration of the Variational Information Bottleneck (VIB) module [4, 5] into the PDE-based
CNN framework was first introduced conceptually. In the present work, the approach is eval-
uated through quantitative experiments, providing empirical evidence for the effectiveness of
the PDE-VIB combination. The VIB principle seeks a stochastic latent representation that
retains only information relevant to predicting the target while discarding task-irrelevant
details. By combining PDE-based structural priors with information-theoretic compression,
the proposed PDE-VIB-CNN achieves a balance between inductive bias and adaptive reg-
ularization. The resulting model learns compact and task-focused feature maps, leading to
improved stability, robustness, and generalization on challenging datasets such as CIFAR-10.

2. Theoretical Background

This section provides a brief overview of the theoretical components underlying the proposed
model, the PDE-based convolutional layers, and the Variational Information Bottleneck
(VIB) framework. A detailed formulation and motivation can be found in [2] and [3].

PDE-Based Convolutional Layers

The PDE-based layer incorporates physically inspired priors into early feature extraction.
The approach relies on the discretization of parabolic or hyperbolic partial differential equa-
tions, such as the two-dimensional diffusion (heat) equation:

ou  *u N 0?u (1)
ot 0x2  oy?
Using finite differences [6], the update rule can be expressed as:
iyt =i+ ¢ Pu’), (2)

where P denotes a convolution operator equivalent to the Laplacian kernel and ¢ is a learn-
able or fixed scaling parameter. These layers act as structural filters, enforcing smoothness
and spatial continuity while reducing sensitivity to high-frequency noise [2].
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VIB

The VIB framework [4, 5] formulates learning as an optimization of the mutual information
trade-off between input compression and predictive relevance. The objective is defined as:

Ly = Ep(x,y)[Eq(ﬂx)[ — log p(y | t)]] + ﬁDKL(Q(t | X) || p(t)); (3>

where q(t | x) is a Gaussian encoder producing the latent representation ¢, p(y | t) is the
decoder, and (3 controls the compression—prediction trade-off. This formulation encourages
the representation to retain only task-relevant information while suppressing redundancy.

The PDE-VIB-CNN model evaluated in this study extends the theoretical foundation
proposed in [3], validating it experimentally on CIFAR-10 [7].

3. Experimental Setup

Dataset

All experiments are conducted on the CIFAR-10 dataset (60,000 color images, 32 x 32, 10
classes; 50k train, 10k test). Inputs are normalized per channel. We apply standard data
augmentation: random horizontal flipping and random cropping with 4-pixel padding.

Architecture

The evaluated model, PDE-VIB-CNN, consists of three sequential stages.

(i) PDE stage. We prepend a stack of S PDE-based convolutional layers, each corre-
sponding to one explicit Euler update of a discretized Laplacian step. For an input feature
map u', a single PDE layer computes

utt = ut N (P x ),

where P is a fixed 3x3 Laplacian stencil and \ is a learnable per-channel diffusion
coefficient. Thus, the PDE block performs S successive PDE updates (we use S = 3 in
all experiments unless otherwise stated), injecting physics-inspired priors and encouraging
smooth, spatially coherent feature representations [2]. No free-form convolution kernels are
learned in this stage; the only learnable parameters are the diffusion coefficients {A.} and
batch-normalization parameters.

(ii) VIB module. After the PDE stage, we apply a variational information bottleneck
module [4, 5]. The PDE output f(x) is first compressed through a 1x1 bottleneck (C' — C,
channels). Two parallel 1x1 convolutions then produce the parameters of a Gaussian latent
distribution:

w(x) =W, = f(z) +b,, logo?(z) = W, * f(x) + b,.
A latent tensor is sampled via the reparameterization trick,
t=p(x)+o(x)Oe, e~N(1,T),

ensuring differentiability during training. This module enforces information compression and
reduces overfitting by discouraging the encoding of spurious, high-frequency details.

(iii) CNN backbone. The sampled latent representation ¢ is passed to a ResNet-18
backbone [1] (with the initial stem modified for CIFAR-10), followed by a linear classifier.
This journal version extends the conceptual formulation introduced in [3] by providing de-
tailed implementation, quantitative evaluation, and calibration analysis.
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Training Protocol

Models are implemented in PyTorch [8] and trained end-to-end using stochastic gradient de-
scent with momentum (SGD with momentum). Batch normalization is used in convolutional
blocks, and dropout is employed in deeper layers to reduce overfitting. The VIB trade-off
coefficient [ is tuned empirically to balance compression and accuracy.

For fairness, all models are trained under identical optimization and augmentation
settings, including the cosine-decay learning-rate schedule, weight decay, batch size, and
number of epochs. The baseline CNN consists of the same ResNet-18 backbone used in the
proposed architectures, but without any PDE layers or VIB module; it receives the raw aug-
mented CIFAR-10 images directly as input. Thus, any observed performance or calibration
differences stem purely from the PDE preprocessing and VIB regularization rather than from
changes in the backbone or training procedure.

Evaluation Metrics
We report top-1 test accuracy, the train test (generalization) gap, the Negative Log-
Likelihood (NLL), and the Ezpected Calibration Error (ECE).

Negative Log-Likelihood (NLL)

1 n
NLL = —— 1 L] xq), 4
ngogpe(ylw (4)
which evaluates the quality of probabilistic predictions and is the standard log-loss for clas-
sifiers [9].
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Fig. 1. eliability diagram used to compute ECE. The confidence range [0, 1] is partitioned into M
bins {Bm}%zl- For each bin, we compare empirical accuracy to mean predicted confidence; ECE
averages the absolute gap across bins (weighted by bin frequency).



G. Gharagyozyan 41

Expected Calibration Error (ECE)

Partition confidence scores into M bins {B,, }}_, and compute
M|
ECE = = Bun) — f(Bw) |, 5
mE—l — lace(Bw) — conf(B) | (5)

where acc(B,,) is the average accuracy and conf(B,,) is the average predicted confidence in
bin m [10]. In our experiments, we use a fixed M (e.g., M=15) unless stated otherwise.
Calibration is assessed with a reliability diagram (see Fig. 1), which compares per-bin
empirical accuracy to mean predicted confidence; ECE aggregates the binwise gaps to a
single score.
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Fig. 2. Test-set reliability diagram (CIFAR-10, M=15). The proposed PDE-VIB model is closest
to perfect calibration (y=x).

4. Results

Baselines and Comparisons

We compare three models trained under identical protocols: (i) a baseline CNN, (ii) a PDE-
enhanced variant (PDE-only), and (iii) the proposed PDE-VIB-CNN. Table 4. reports top-1
test accuracy, generalization gap (train—test), ECE and NLL. The PDE-VIB model improves
both accuracy and calibration relative to the baseline and PDE-only variants.
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Table 1. CIFAR-10 test metrics

Model Accuracy (%) | Gap (%) | ECE NLL

Baseline CNN 80.6000 2.6600 | 0.037420 | 0.584965
PDE-only 88.1500 4.2100 | 0.041851 | 0.378198
PDE-VIB (Ours) 88.9500 3.5340 | 0.018466 | 0.385564

Calibration and Probabilistic Quality

Calibration is assessed with a reliability diagram (Fig. 1), which contrasts per-bin empirical
accuracy with mean predicted confidence; ECE is the frequency-weighted average of binwise
gaps. Fig. 2 illustrates that PDE-VIB-CNN lies closer to the diagonal y=x than the
baselines, indicating improved calibration, which is also reflected by lower ECE and NLL in
Table 1.

Sensitivity to the Bottleneck Strength

We sweep the VIB coefficient 8 to study the compression—prediction trade-off. Moderate
values of 3 (e.g., 107%) yield the best balance, reducing ECE/NLL without hurting accuracy.
Fig. 3 summarizes the trend.

Effect of VIB coefficient 8 on performance (placeholder)
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Fig. 3. Effect of the VIB coefficient 5 on test accuracy, ECE, and NLL (CIFAR-10). Moderate
compression achieves the best overall performance.
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Accuracy & Generalization Gap
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Fig. 4. Accuracy and generalization gap (CIFAR-10). Higher accuracy and lower gap are better.
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Fig. 5. Calibration and probabilistic quality (CIFAR-10). Lower ECE and NLL are better.

Qualitative Observations

Figures 4 and 5 provide a consolidated view of test performance on CIFAR10 across the three
model variants. The PDE-only configuration narrows the train—test discrepancy relative to
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the baseline and yields modest gains in probabilistic quality, suggesting that physics-inspired
preprocessing already curbs overfitting. The proposed PDE-VIB-CNN delivers the most
favorable overall profile: it achieves the highest or statistically comparable top-1 accuracy,
while further reducing the generalization gap. Crucially, this gain does not come at the
expense of calibration: the ECE bars in Fig. 5 show a clear reduction for PDE-VIB-CNN,
accompanied by a lower NLL, indicating more reliable confidence estimates and better-
aligned likelihoods.

5.  Conclusion

This work evaluated a hybrid PDE-VIB-CNN that combines physics-inspired PDE prepro-
cessing with a VIB. On CIFAR-10, the approach achieved the strongest overall profile among
the tested variants: it matched or exceeded the best top-1 accuracy while reducing the train-
test gap, and it delivered the lowest ECE and NLL. These findings support the hypothesis
that PDE layers encourage spatially smooth, noise-resistant features, whereas the VIB term
suppresses task-irrelevant variabilitytogether yielding models that are both discriminative
and better calibrated.

Despite these gains, several limitations remain. Our evaluation is confined to a single
dataset and moderate-scale backbones; the sensitivity to the bottleneck strength [ and
the number/step size of PDE layers indicates a performance compression trade-off that
warrants deeper study. Moreover, while the PDE stage is lightweight, the VIB stochasticity
adds minor computational overhead during training; understanding accuracy-calibration-
efficiency trade-offs at larger scales is important.

Future work. (i) Scaling and datasets: extend to larger architectures [11] (e.g., Wide-
ResNets, ConvNeXt) and datasets (CIFAR-100, Tiny-ImageNet, ImageNet-1k) to test the
robustness of the observed trends. (ii)Calibration under shift: [12] evaluate on corruption
and shift benchmarks (e.g., CIFAR-C, ImageNet-C/O) and out-of-distribution detection;
compare pre- and post-hoc calibration (temperature scaling, Dirichlet calibration) with and
without VIB. (iii) Comparative reqularization: benchmark against strong baselines such as
label smoothing [13], mixup/cutmix, dropout variants, stochastic depth, and data-augmix
to clarify where PDE-VIB provides unique benefits.
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Juwnphwghnt hGpnpdwghnl jugulnyg dwulwih wowbgjuyGtinny

nhpbnptiGghw) hwjwuwnpnmdibtph ypw hhdiGJwo YnbGynynighnb
GGjpnGwjhb gwlg. hmpdGujwb qGuhwnmyd b
nnhwlpuwgiwl Jtpmnionmp niQ

Gnn U. Qwpwqynqjub

X< QUU hGbnpiwmhyuwgh b wmniwnwgiwl ypnpitiGiph hpGunhnnin, Gplaw G, <wujwunwb
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Udthnthnid

UtiGp Gtpyujywglmd GGp hhpphnwjhG YnGynpymghnl dwpumwpuwybmnpynil, npp
hwiwwmbnnu £ dwulwlh wowbgjwiltpny hwjwuwpniGph ypw hhiGwo ntuniguliyng
(wuwdwinuip L JuphwghnG hGpnpiwghnb fjugulp’ wwwmtpliph gquuuyupqiwb dke
ninhwlpwgiwl pupbuyiwb Gywwnwyny: Uwulwlh wowbgjwitpny hwjwuwpnuiGtinh
2tipnp Yhpwnnd E othnpp pwGwyh nhuptnwgwd Lwyjuwujul pwjtn’ nunigwGynn
pwjlh swihny L funppwjhG Juwny, hGsp Jwn thnih hwnfwGhywihG pwpntqGipnud
Gbpimomy E  $Shqhlwjhg nqbplswd hlnnijmpy YnniGwlwimpnb: ©OLlGgnpwjhG
Jwphwghnl hGbnpiwghwjh fjuguwGh dngnmp yuwpwitmpwynpnd L wnuywl pwplijuo
pupfunidp (p, log 0%) 1 x 1 UnGynpmghwGtph shengny L Yhpwemd b KL wmmquipp
dhwynpwjhl GwuGuywi puwfudwl Guniwdp” mtntumynipjul ubinind wwywhnybnt
hwdwn, hGn jupwuniumy £ ywhww (b wowownpulph hwiwp jupunp hwnywGh)Gepp
L htinwg(t] ny wihpwdtym hnhnfuwlwlnpmiip: Utnijwo GGpyuwjuwgniip wjlnithtiml
thnfuwlgymu £ ResNet-18-hG: JwphwghnG hGpnpiwghnG fugwbh G Ypnh hwdwjupqud
thnthnfump)niln gniyg & mwihu, np dhohlG wumhdwlh ubninudp pwpbjuynmd £ punwjhG
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wpyniGuybnnipyniGG nt nuunigdwl JuyniGnpmniGp’ hwdtdwnmwo hGyuybu vnwlnupun
gulgh, wjlwbtu £ dhwyl dwulwyh wowlgjwiGtpny wmwpptpwih htn: Opuyuywi
Jupmonmpmilp gnyg b wwihu wyth hwpp wywmhjugnuiGtp b dnnpwjhG wndniyh
(uuiwdp qqujnmlnpjulb GJuqnid, hGyp hwiwywunwuhpwlnd L pGpnpdwghwjh
wmtunipjuwl GyuwumwyhG: UpnynmibGpltpp gnyg G0 wwihu, np dwulwyh wowlgjw)itpny
(wplwlwl pwumiGbipp b hGPnpiwghnlG fugwlny uvbninuip thnjujpuwglnd GG hpwp,
wnwownitiny uyqpnilpwjhl nmnh nhyh YuyniG b plnhwlnip Yhpwntijh YnGynyynighnd
unnbGtin:

Pwlwh pwntp hGpnpiwghnG fugwl, vwulGuyh wowlgjuilbpny nhdtipklghwy
hwjwuwnpmuiGbp, funppwjhl nuunignud, YnGynmghnG GGjpnGwyhG guwigbp, pnhwlpugnud:

CBepTouHas HeMpOHHAasA ceTb Ha ocHOBe PDE c BapuanmuoHHOM
HH(pOPMAIIMOHHOM NPOOKOM: 3KCIIepUMEHTAaAbHAs
OIleHKa U aHaAu3 0000IIeHus
l'op A. Kaparézsan

WHucturyT npobaeM nHdpopMaTuku u aproMatrizanuu HAH PA, EpeBan, ApMeHusa
e-mail: gor.gharagyozyan@edu.isec.am

AnHoTaus

MBI mpepcTaBAsieM THOPHUAHYIO CBEPTOUYHYIO APXUTEKTYpPy, KOTOpas codeTaeT
B cebe oOy4yaeMylO IIPEABApPUTEABHYIO OOpPabOTKy Ha OCHOBe AU(pdepeHIuarbHBIX
YPaBHEHUM B YACTHBIX ITPOM3BOAHBIX C BapUAIlMOHHOW MH(POPMAIMOHHON ITPOOKOM
AL YAYUIIEeHHsT OOOOINeHUs IPpU KAACCU(PUKALUU MN300pa’KeHUU. Ha »rane
YVPaBHEHUIN B YACTHBIX IIPOM3BOAHBIX IIPUMEHSETCS HeOOABIIOE KOAWYECTBO
AWCKPETU3UPOBAHHBIX MIAarosB Aamaaca ¢ oOyd4aeMbIM pa3MepoM Ilara U 'AyOMHHOMU
CBS3BI0, BBOAS UHAYKTUBHOE CMeIlleHUe, BAOXHOBAEHHOe (DM3UKOM, B PAaHHUE KapPThI
IIPU3HAKOB. 3aTeM TEeH30PHBIU MOAYAb BapHaIMOHHOW WH(POPMAIIMOHHOU NPOOKH
IapaMeTpH3yeT rayCCOBY AATEHTHYIO BeAMuuHYy (i, log 0?) ¢ moMompio 1 X 1 cBepToK
u obecneuywBaeT crkaTue HUH@oOpMAImu ¢ nomolnbio mTpada KL A0 epmHUYHOTO
AIIPUOPHOTO pAaCIpeAeAeHUs, CIIOCOOCTBYS COXPAHEHUIO PEAEBAHTHBIX AAS 33Aa4U
IIPU3HAKOB U OTOpackelBasg noMexu. C>kaToe NPEeACTaBACHHE IIOAQeTCs Ha 0a30BYIO
cetb ResNet-18, apantupoBaHHyi0 AAd BXOAHBIX AaHHBEIX CIFAR-10. Ha CIFAR-
10 cucremaTnyeckoe HM3MEeHEHHE BeCa BAapUAIMOHHOU MHEPOPMAIIMOHHOW ITPOOKU
[ TOKa3bIBaeT, YTO yMepeHHOe C’KaTHhe AQeT YAYUIIeHHYIO IPOU3BOAUTEABHOCTH
TECTUPOBAHUA M CTAOMABHOCTb OOYYEeHUS 110 CPAaBHEHUIO KaK C 0a30BBIM CBEPTOYHAS
HENPOHHAs CeTh, TaK U C BAPUAHTOM, MCIIOAB3YIOIIUM TOABKO YPaBHEHUU B YaCTHBIX
IIPOM3BOAHBIX. KadecTBeHHBIU aHAAM3 yKa3blBaeT Ha OOAee IAaBHBIE aKTUBALIUM U
CHUJKEHHYIO YYBCTBUTEABHOCTb K BXOAHOMY LIYMY, YTO COOTBETCTBYET IIEAU TEOPUU
nHopmanuu. Pe3yapTaThl ITOKA3BIBAIOT, YTO AIPUOPHBIE 3HAUYEHWS ypaBHEHUU B
YaCTHBIX IPOM3BOAHBIX M BapUAIlMOHHOE C’KaThe AEUCTBYIOT B3aUMOAOIIOAHSIOIIE,
Ipeprarasd IPUHIWIIMAABHBIM IIYTh K HAAEKHBIM U 0000IIaeMbIM CBEPTOYHBIM
MOAEASIM.

KnaroueBrie caroBa: nH(pOpMauoHHas IPOOKa, YPaBHEHUS B YaCTHBIX IIPOU3BOAHBIX,
rAyOOKOe O0y4eHHue, CBEPTOYHbBIEe HEMPOHHEBIE [IeTH, 0000IIeHe.
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