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Abstract. Deep neural networks (DNNs), despite their impressive performance in computer vision, largely operate as
“black boxes”, which hinders their adoption in high-stakes domains like autonomous systems and medical Al where
trust and reliability are paramount. Existing explainable Al (XAI) methods, such as activation mapping, often highlight
correlated image regions but fail to isolate the minimal, causally responsible sets of neurons that encode high-level
semantic concepts. This research addresses this critical gap by proposing a novel framework for the precise localization,
validation, and generative control of concept-specific neurons within deep vision models.

Objective. The primary purpose of this research is to overcome the “black box™” problem in deep vision models
by developing and validating a rigorous methodology for identifying minimal, causally significant sets of neurons
responsible for encoding specific semantic concepts (e.g., “cat”, “dog”). The goal is to move beyond correlational
interpretability towards a mechanistic understanding of neural networks, and to leverage this understanding for two key
applications: (1) enabling fine-grained, concept-driven control over generative models for targeted image synthesis,
and (2) creating a quantitative framework for analyzing model perceptual biases, such as pareidolia, to better assess
their alignment with human perception and potential failure modes.

Methodology. The methodology is centered on a constrained LO-optimization framework designed to find the minimal
neuron subset S that maintains the target class confidence above a predefined threshold t. This is formalized as min|S|
subject to f.(xg) > T, where f, is the class probability and xg is an input with activations masked outside of S. To solve
this NP-hard problem, we implement two efficient heuristics: Greedy Forward Selection and Backward Elimination.
The core mechanism for evaluating a subset S is activation masking, where all neuron activations outside of S in the
target layers are set to zero, thereby isolating its functional contribution. The experimental validation was performed
on a VGG16 model pretrained on a 20-class subset of ImageNet. The method’s effectiveness was measured using three
key metrics: neuron set sparsity | S|, the drop in classification accuracy after ablating S (A4cc), and a novel Pareidolia
Score, which quantifies the frequency of concept detection in noisy images.

Results. The experiments successfully identified highly sparse and causally significant neuron sets for target concepts.
For the «cat» concept, a minimal set of just 14 neurons was localized in the convolutional layers of VGG16. Targeted
ablation of this set resulted in a 76.2 % drop in classification accuracy for the “cat” class, confirming their critical role.
Furthermore, this neuron set exhibited a high pareidolia frequency of 31.4 % when tested on noise and texture images.
Similarly, for the “dog” concept, a set of 17 neurons was identified, the ablation of which caused a 69.8 % accuracy
drop, and which had a pareidolia score of 22.1 %. These results demonstrate that less than 0.1 % of the neurons in the
target layers are sufficient for robust classification, and that these same neurons are highly susceptible to producing
illusory recognitions, mirroring human perceptual tendencies.

Original contributions. The scientific novelty of this work is threefold. First, it introduces a new algorithmic approach to
interpretability by framing neuron identification as a constrained LO-optimization problem, moving beyond traditional
correlation-based heatmap methods. Second, it establishes a strong causal link between specific, minimal neuron
assemblies and high-level concepts, using targeted ablation as definitive proof. Third, it pioneers the use of generative
control for interpretability validation, introducing a novel quantitative metric—the Pareidolia Score—to probe the internal
«imagination» and perceptual biases of deep neural networks, providing a new dimension for mechanistic analysis.
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Practical significance. The practical importance of this research lies in its potential to enhance the safety, transparency,
and controllability of Al systems. The ability to audit models by localizing concept representations can be crucial
for debugging and validating Al in critical applications like medical diagnosis (ensuring a model focuses on correct
pathology) and autonomous driving (verifying the reasoning behind object detection). The method enables semantic
control over generative models, which can be applied to content creation and data augmentation. Finally, the framework
for analyzing pareidolia provides a tool for uncovering model biases and vulnerabilities to adversarial or out-of-
distribution inputs, contributing to the development of more robust and reliable Al.

Key words: explainable ai; concept neurons; activation masking; neuron ablation; pareidolia.

Awnorauis. [n6oxi weiiponni mepesxi (THM), nonpu ixHio Bpakarody MpoIyKTHBHICTb Y KOMIT FOTEPHOMY 30pi, 371e-
01100 (DYHKIIIOHYIOTh SIK «UOPHI CKPUHBKI, 1110 MEPELIKOKAe IXHOMY BIIPOBAIPKCHHIO Y BaXIHMBUX cdepax,
SIK-OT aBTOHOMHI cucTemu Ta Meauunuii 111, ge moBipa Ta HamiHICTh MaKOTh MIEPIIOYCProBe 3HaUCHHs. HasBHI MeTo 11
nosicatoBanoro [T (XAI), Taki sik kapTu akTuBallii, 4acCTO BUIUISIOTH B3a€MOIIOB’si3aHi 00J1acTi 300pakeHHsl, ajle He
MOXXYTb 130JIFOBaTH MiHIMaJIbHi, IPUYUHHO BINOBIAaIbHI HAOOPH HEHPOHIB, SIKI KOAYIOTh BUCOKOPIBHEBI CEMaHTHYHI
noHsTTs. Lle mociikeH s ycyBae 110 KpUTHYHY TIPOTaIiHY, IPOMIOHYIOYH HOBY CTPYKTYPY JUIsl TOUHOT JIOKaIi3alii,
BaJTiJallii Ta FTeHEPATUBHOTO KOHTPOJIIO KOHLIECNT-CICHU(BIYHUX HEHPOHIB Y TNTHOOKUX MOJAECIISIX 30DY.

Mema. OCHOBHOIO METOIO IILOTO JIOCIIKEHHS € TIOJI0IaHHSI TPOOJIEMH «UOPHOT CKPHHBKUY» B INIMOOKUX MOJIEIISIX 30y
HIISIXOM pO3pO0KH Ta Bauijanii ctporoi Metomosorii anst inenTudikanmii MiHIMaIbHUX, TPUYMHHO 3HAYYIIMX HAa0O-
piB HEHPOHIB, BIANMOBIAAIBHUX 32 KOJIYBAaHHS KOHKPETHHUX CEMaHTHYHHMX KOHLENTIB (HampHKIal, «KiIIKay, «coda-
Ka»). 3aBAaHHs MOJIrae B TOMY, 00 MEePEHTH BiJl KOPEISLiHHOT IHTepIpeTOBaHOCTI 10 MEXaHICTUYHOTO PO3YMiHHS
HEWPOHHUX MEPEX, 1| BAKOPHCTATH 1€ PO3YMIHHSI JJIsl ABOX KJIFOYOBHX 3aCTOCYBaHb: (1) 3a0e3nedeHHst TOHKOTo, Kepo-
BAHOTO KOHIETITAMU KOHTPOJIIO HaJl FTeHEPAaTUBHUMH MOJIEIISIMH JIIS IIITLOBOTO CHHTE3Y 300pa)eHb, Ta (2) CTBOPEHHS
KIJTbKICHOT OCHOBH TS aHANI3y NMEPLUEHTUBHUX YIICPEIKCHb MOJICII, TAKUX SIK MAPCUIOMIsS, I KPAIIol OI[IHKH IXHBOT
BIJITIOBIIHOCTI JIFOJICHKOMY CIPHIHSTTIO Ta MOTCHIIIHHUX PSIKUMIB BiIMOBHU.

Memoouxa. Metononoris 3ocepekeHa Ha GppeiiMmBopky LO-ontiMizanii 3 00MeXeHHSIMU, PO3pOOICHOMY IS TOLITYKY
MiHIMaJILHOT MiIMHOKUHU HEHPOHIB S, sIKa M ITPUMY€ BIIEBHEHICTB 1IJIbOBOTO KJIACY BHUILE 3a3/1aJI€T1/lb BU3HAYEHOTO
nopory T. Lle popmaiizoBano sik min| S| 3a ymoBH f£.(x) > T, ¢ f, — IMOBIPHICTb KJIACY, a Xy — BX1JIHI JaHi 3 aKTHBALISIMH,
3aMacKkoBaHUMH 11032 Mexkamu S. J{is Bupimennst miei NP-ckimanHoi 3a1a4i My peastizyeMo /iBi epeKTHBHI eBPUCTHKU:
KamiOHUN MPsIMUAKN Big0ip Ta 3BOPOTHE BUKIHOYCHHS. KITFOYOBUM MEXaHI3MOM OLIHKH IMiIMHOXXHHU S € MAaCKyBaHHS
aKTHBallil, /ic BCl aKTUBALT HEHPOHIB 1M03a Sy HITbOBHUX LIApax OOHYJSIOTHCS, 130JII0I0UM TAaKUM YHHOM 11 (yHKITiO-
HaJlbHUI BHeCOK. ExcriepuMenTanpHa Bamiganist mposoauiacs Ha moneni VGG16, noneperHbo HaBYCHIN Ha MTiAMHO-
xuHi ImageNet 3 20 knaciB. EQekTuBHICTS METOy BUMIpIOBaJIacs 3a TphoMa KIIFOUOBUMH METPUKAMU: PO3PIIKEHICTh
HaOOpy HEHpOHiB | S|, mamiHHsA TOYHOCTI Kiacubikarii micis adnamii S Adcc Ta HoBaropcbka «Orrinka [Tapeitnomiiy
(Pareidolia Score), 1110 KiJIbKICHO BU3HAYA€ YaCTOTY BUSIBJICHHSI KOHIICNTY B 3alIyMJICHUX 300payKCHHSIX.
Pezynomamu. ExcnepuMeHTH ycHiImHO 11eHTH(]IKyBann HaA3BHMYalHO PO3pPI/PKEHI Ta MPUYMHHO 3HauyIli HaOopu
HCWPOHIB /IS HIJIbOBUX KOHIIENTIB. [IJIs MOHATTS «Kilka» OyIo JIOKaIi30BaHO MiHIMaIbHUEN HaOip suiie 3 14 Helipo-
HiB y 3ropTkoBHX miapax VGG16. LinkoBa abnartis 1boro HaOOpy MpU3BeIia 10 MaJAiHHSA TOYHOCTI Kiacupikaiii mis
KJ1acy «Kilka» Ha 76.2 %, 1o miATBepANIIO IXHIO KPUTHYHY poiib. KpiM Toro, 11eii HaOip HeHpOHIB MPOJEMOHCTPYBAB
BUCOKY yacToTy napeiigonii — 31.4 % — mig 9ac TecTyBaHHs Ha 300paKEHHSIX 13 IIYMOM Ta TEKCTYpaMH. AHAJIOTT4HO,
JUISL IOHSITTS «co0akay OyJio BUsiBIEHO HaOIp 13 17 HelpoHiB, abiallist SIKOro COpUYMUHMIIA NTaAiHHS TOYHOCTI Ha 69.8 %
i sikuit MaB oiiHky napeimomii 22.1 %. 1li pe3yabraru mokasyoTh, 1o MeHmie 0.1 % HeHpoHiB y IIIbOBHUX MIapax
€ IOCTaTHIMHU TSl HaliiHOI Kiacuikariii, i mo I1i )k HeHPOHU MArOTh BUCOKY CXHIIBHICTB JI0 MPOAYKYBAHHS 1LITFO30D-
HHX PO3Mi3HaBaHb, 10 BiJI3ePKAIIOE MEPIENTHBHI TEHICHIIT JIFOANHH.

Haykoesa nosusna. Hayxoa HoBH3Ha 11i€l poOoTH € noTpiiiHor0. [To-nepiie, BOHa BIPOBAKYE HOBUI allTOPUTMIYHHUI
HiJIXiJ] A0 IHTEPIPETOBAHOCTI, (POPMYITIOIOUH 1IeHTU(IKALII0 HEHPOHIB sIK 3anady LO-onTuMizalii 3 oOMeKeHHIMH,
10 BUXO/WTH 33 PAMKH TPAAWIIMHUX KOPEJSIIHHUX METOJIB Ha OCHOBI TerIoBUX KapT. Ilo-apyre, BoHa BCTaHOB-
JIFOE MIIHUHA TIPUYMHHO-HACIIIKOBHH 3B’ 30K MK KOHKPETHHUMH, MiHIMAJIbHUMH aHCAaMOJISIMH HEHPOHIB 1 HOHSTTSIMU
BHCOKOTO PiBHSI, BAKOPHCTOBYIOUH LILJILOBY a0Jallito sSIK OCTaTO4HU J10ka3. [lo-TpeTe, BOHa € MOHEPOM y BUKOPHUCTaH-
Hi FeHEepaTHBHOIO KOHTPOJIIO JUTS BaJlilallii IHTepIpeToBaHOCTI, BBOJSIUM HOBY KUIbKICHY MeTpHKY — «Orinky [Tapei-
JOJTiD» — 7Sl AOCIIKEHHsT BHYTPIIIHBOT «YsIBM» Ta MEPUENTHBHUX YIEPEIKEHb INIMOOKMX HEHPOHHHX MEPEXK, IO
BIJIKpMBA€E HOBUI BUMIp /ISl MEXaHICTUYHOTO aHaJIi3Yy.

IHpaxkmuuna 3nayumicme. [IpakTudHa 3HAYUMICTH [[HOTO JOCIIKCHHS TIOJIATa€ B HOTro MOTCHINIAMI 0 IiABUIIICHHS
0e3rmeku, MPo30pocTi Ta kepoBaHocTi cucteM [, MoXITUBICTE TPOBOAUTH AYTUT MOJCIICH HIUIIXOM JIOKaTi3aIlil KOH-
LENTyalbHUX MPE/ICTaBICHb MOXKE OyTH BUPIIIAIBHOIO JJIsl Hasjaro/pkeHHs Ta Bamifauii 111 B KpUTHYHKUX 3aCTOCYH-
Kax, SIK-OT MEJJMYHa JA1arHOCTHKA (TIEPEKOHATHCS, 10 MOJIeNb (DOKYCYEThCS Ha MPABWIbHIN NATOJNIOTIT) Ta aBTOHOMHE
BOZiHHSI (TIepeBipKa 0OIPYHTYBaHHs BUSIBICHHS 00’ €KTiB). MeTO YMOXKIIMBIIIOE CEMaHTUYHUH KOHTPOJIb HaJl TeHEepa-
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TUBHUMHM MOJIEJISIMH, 11I0 MOYKE OyTH 3aCTOCOBAHO JIJIsl CTBOPEHHSI KOHTEHTY Ta ayrMeHTauii ganux. Hapemri, ppeiim-
BOPK JUIsl aHAJTI3y Mapeiioiii Hajjae IHCTPYMEHT ISl BUSIBIICHHS! YIIEpeKeHb MOIeNi Ta 11 Bpa3iMBOCTEH 110 3Maralb-
HHX a00 1103apO3MOAUIBHUX BXIJJHUX JaHHX, CIIPUSIOUHN POo3poO1i OiibLT HaiitHorO Ta crifikoro 1I.

Koo4oBi ciioBa: nosicHIOBaHUH 111i; KOHIENITYaJIbHI HEHPOHU; a0JIsiLisl HEHPOHIB; TTAPEHT0TisL.

PROBLEM STATEMENT

The widespread adoption of Deep Neural Networks
(DNNs) in critical domains [l], including medical
diagnostics and autonomous systems, is fundamentally
limited by their «black box» nature [2]. While these
models demonstrate breakthrough performance, their
internal decision-making mechanisms remain opaque,
hindering trust, reliability, and the ability to audit their
conclusions [3]. A central challenge in the field of
Explainable Al (XAI) is to move beyond surface-level
correlations and understand how abstract, high-level
concepts (e.g., a «cat») are encoded and processed within
the network’s layers of neurons [4].

This research addresses the problem of identifying
the specific and minimal set of neurons that are causally
responsible for anetwork’s ability to recognize a particular
concept [5]. The core task is formalized as a constrained
LO-minimization problem, which seeks to find the
smallest possible subset of neurons that are sufficient to
maintain a high level of classification confidence for a
target concept [6].

The problem can be formulated as follows (1):
I;ni£1|S| subject to /. (%) >,

(1)

where: N is the set of all neurons in the target layers of the
network; S is the minimal subset of neurons that encodes
the concept c; f. represents the probability or logit for the
target class ¢; Xy is the model’s input where activations
have been masked to isolate the contribution of the
neuron set S; T is a predetermined confidence threshold
that the classification score must meet.

Solving this problem aims not only to explain the
model’s decision but also to enable direct control over
its behavior, specifically for applications in controlled
image synthesis and the quantitative analysis of model
perceptual biases like pareidolia [7].

RELATED WORK

The field of Explainable Al (XAI) has grown
significantly in response to the «black box» problem
in deep learning. A prominent category of current
interpretability techniques involves methods based
on activation mapping or saliency mapping. These
approaches aim to produce heatmaps that highlight which
pixels in an input image are most influential for a given
classification decision. While valuable for providing a
high-level intuition of the model’s focus, these methods
have a fundamental limitation [8].

As noted in existing research, techniques like
activation mapping primarily reveal correlations between
input features and the final output. They successfully
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show where a model is looking but «fail to isolate
minimal neuron sets responsible for specific conceptsy.
This means they do not identify the underlying causal
mechanisms within the network itself [9]. They do not
answer the question of which specific computational units
(neurons) are necessary and sufficient for the recognition
of a concept, nor do they typically allow for the validation
of their findings through model manipulation. The output
of these methods is often a visualization for human
interpretation rather than a functionally distinct and
controllable component of the model.

IDENTIFIED GAPS

The limitations of existing research reveal several
unsolved gaps in achieving a truly mechanistic
understanding of deep neural networks, which this work
aims to address.

1. Moving from Correlation to Causality and
Sparsity: The primary unsolved problem is the lack
of methods that can rigorously identify a minimal set
of neurons that are causally responsible for a concept.
While current methods identify broad, correlated regions
of activation, they do not provide a sparse, functional
unit that can be proven to be essential for the network’s
reasoning through direct intervention (e.g., ablation).

2. Bridging Interpretability with Generative Control:
There is a significant disconnect between explaining
a model’s decisions and controlling its behavior. An
explanation should ideally be functional. A previously
unsolved challenge is to use the identified components
of a network (the «concept neuronsy») to directly steer
generative models, thereby validating the interpretation
and opening new avenues for controllable content
creation. This work aims to bridge this gap between
interpretability and generative capabilities.

3. Quantifying Perceptual Biases: While it is
known that DNNs can exhibit human-like biases such as
pareidolia (perceiving patterns in random noise), there
is a lack of quantitative frameworks to measure and
analyze these phenomena. A key unsolved problem is the
development of metrics and methodologies to probe these
perceptual biases, which could reveal critical insights into
a model’s failure modes and its alignment with human
perception. This research addresses this by introducing a
formal method for “quantitative pareidolia analysis”.

RESEARCH OBJECTIVES

The primary purpose of this study is to address and
overcome the “black box” problem inherent in deep
vision models by developing a framework for the precise
localization and analysis of concept-specific neurons. The
research aims to identify the minimal sets of neurons that
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are causally responsible for encoding high-level semantic
concepts (e.g., “cats”).

The specific objectives designed to achieve this
purpose are:

— To formulate the neuron identification task as a
constrained LO-optimization problem and solve it using
efficient heuristics with an activation masking protocol.

— To leverage these identified minimal neuron sets
for practical, high-level applications, including:

— The controlled synthesis of images through
concept-guided generative networks.

— The quantitative analysis of pareidolia to measure
a DNN’s susceptibility to illusory pattern recognition.

— To establish and validate a set of rigorous metrics
for mechanistic interpretability, including neuron sparsity
|S], the ablation-induced accuracy drop AAdcc, and a
human-aligned illusion score (Pareidolia Score) [10].

Ultimately, this work seeks to provide mechanistic
insights into the decision-making processes of DNNs,
thereby advancing the field of Explainable Al (XAI) and
enhancing the auditability and reliability of Al systems
in high-stakes domains such as autonomous systems and
medical Al

METHODOLOGY, STUDY OBJECT
AND SUBJECT

To achieve the research objectives, a multi-
stage methodology was employed. The core method
is a constrained LO-optimization framework, which
formalizes the search for a minimal set of concept
neurons S. Due to the NP-hard nature of this problem,
it is solved using efficient search heuristics, specifically
Greedy Forward Selection and Backward Elimination.
A central technique used throughout the process is
Activation Masking, where the activations of all neurons
outside the candidate set S are set to zero to isolate the
set’s functional contribution to the network’s output.

For validation, the method of neuron ablation is
used, where the identified neuron set S is deactivated to
measure the resulting drop in classification accuracy Adcc
and confirm its causal role. For generative applications,
the study utilizes an optimization method to guide a
StyleGAN generator by maximizing the activations of the
identified neurons in set S. Finally, to analyze perceptual
biases, a quantitative method was developed to calculate
a Pareidolia Score, which measures the activation
frequency of the neuron set S in response to noisy or
texture-based images.

Object of the Study. The object of this study
is the internal representational mechanism of deep
convolutional neural networks (DNNs) [11]. More
specifically, it investigates how high-level, semantic
concepts are encoded within the distributed activation
patterns of neurons in the intermediate and deep layers
of these networks.

Subject of the Study. The subject of this study is the
minimal, causally significant subsets of neurons—termed

“concept-specific neurons” — that are necessary and
sufficient for the recognition of specific object classes.
The research focuses on identifying these sparse neuron
groups for concepts like “cat” and “dog” within the
VGG16 architecture pretrained on the ImageNet dataset
[12]. The study examines the properties of these neuron
sets, including their sparsity, their causal impact on
classification, and their functional role in enabling
generative control and producing perceptual phenomena
like pareidolia.

TECHNICAL APPROACH

This section details the core methodology and
experimental validation of our approach. We begin by
formalizing the problem of neuron localization, then
describe the algorithms used to identify concept-specific
neurons, detail the experimental setup, and finally present
and discuss the key results.

Problem Formulation and Conceptual Framework.
The central hypothesis of this research is that high-level
concepts are encoded by sparse, functionally distinct
sets of neurons within a deep neural network [13]. Our
primary goal is to identify the minimal subset of neurons
that is causally sufficient for the network to recognize a
specific concept with high confidence.

We formalize this task as a
LO-minimization problem of (1) where:

— Nisthe set of all neurons within the target layers of
the network (e.g., convolutional layers conv4-3 through
conv5-3 in VGG16).

— § is the minimal neuron subset being optimized,
which is sought to encode the target concept ¢ (e.g.,
“cat”).

— /. is the output function of the network that yields
the probability or logit for the target class c.

— X, represents the input data processed by the
network under a special condition called Activation
Masking, where only the neurons in set S are allowed to
propagate their activations forward.

— 1 is a predefined confidence threshold (set to 0.8
in our experiments) that the classification score must
achieve for the set S to be considered sufficient.

Activation Masking. To isolate the functional
contribution of a specific neuron subset .S, we employ
an activation masking technique. For a given input x, the
network performs a forward pass. At the target layer /, the
activation a,.(l) for each neuron 7 is modified according to
the following rule (2):

constrained

da. =

i

0 ;
o _ {al. if neuroni e S. @)

0 otherwise

These masked activations (with non-S neuron
activations zeroed out) are then propagated through
all subsequent layers of the network [14]. This ensures
that the final output £, (X;) is based on the information
processed by the neurons in S.
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Algorithm for Concept Neuron Identification. The
LO-minimization problem described in Equation (1) is
NP-hard, making an exhaustive search for the optimal
set S computationally infeasible for modern deep
networks [15]. To find an effective solution, we employ
two widely-used and efficient heuristic search algorithms
Fig. 1.

Condition 1: f, (%)<t Class confidence below
threshold

Condition 2: f. (%)=t Class confidence meets
threshold

1. Greedy Forward Selection. This algorithm takes a
constructive approach. It begins with an empty set (S = ).
In each iteration, it identifies the neuron not currently in S
that, when added, provides the greatest increase in the class
confidence score f.. This neuron is then added to S (3):

k' =arg max Af, (iSU{k} ) 3)

This process is repeated until the confidence score
/.(%¢) meets or exceeds the threshold .

2. Backward Elimination. This algorithm takes a
subtractive approach. It starts with the set S initialized
to include all neurons in the target layers S = N. In each
iteration (4), it identifies the neuron in S whose removal
causes the smallest decrease in the class confidence score.
This neuron is then removed from S

X MPALIb HYK ISSN 2311-3405

k = argrgsrlAﬁ (xs\{k}) 4)
and the process continues as long as the confidence score
/.(%5) remains above the threshold .

Experimental Setup. To validate our methodology,
we designed a set of experiments with a well-defined
configuration.

— Model and Dataset. We wused the VGGI6
architecture, pretrained on the full ImageNet dataset. For
our experiments, we focused on a subsampled dataset
consisting of 20 animal classes from ImageNet to create
a more controlled environment.

— Target Concepts. The primary concepts for
analysis were “Cat” (ImageNet class ID 281) and “Dog”
(ImageNet class ID 239).

— Search Parameters. The search for concept
neurons was conducted across the deeper convolutional
layers of VGG16, specifically from conv4; to convs,. The
confidence threshold t was set to 0.8.

— Evaluation Metrics. The performance of our
method was evaluated using three key metrics:

— Sparsity |S|. The total number of neurons in the
identified minimal set S.

— Ablation Impact AAdcc. The percentage drop
in classification accuracy for the target class after
deactivating (ablating) the neurons in S (Acc;,—ACCs wpiarea)-

?

Input Image x

v

Forward Pass through CNN

v

Extract Activations A

v

Select Search Heuristic

v

yes Greedy Forward? Backward Elimination

Initialize S = @

¥

lyes

Find neuron k & S that
maximizes confidence gain

v

Update: § = 5 v {k)}

Y

Condition 1 <——

| I—

Initialize § = N

v

Condition 2 <—

l-,res

Find neuron k € § with
minimal removal impact

v

Update: 5 « 5 \ {k}
| I

y

L
F

-

v

Output: Neuron Set S

Fig. 1. Concept neuron identification algorithm
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This metric measures the causal importance of the
neuron set.

— Pareidolia Frequency. The percentage of times the
identified neuron set S becomes strongly activated when
the model is shown ambiguous or noisy images (e.g.,
textures, clouds). We used a test set of 500 such images
for this analysis.

Generative Applications and Validation. A key
component of our validation strategy involves using the
identified neuron sets for generative tasks, which provides
functional proof of their conceptual encoding [16].

Concept-Guided Synthesis. We used the identified
neuron sets to guide the image generation process of a
pretrained StyleGAN model. The goal is to find a latent
vector z* that generates an image G(z) which maximally
activates the neurons in our concept set S. This is framed
as an optimization problem (5):

z :arngElXZd),-(G(z))_}""Z"N )

where ¢, is the activation of neuron i, G is the StyleGAN
generator, and Al|z||, is a regularization term to ensure the
latent vector remains in a plausible region of the latent
space.

Pareidolia Quantification. To quantitatively measure
the model’s tendency to find familiar patterns in noise
(a phenomenon known as pareidolia), we developed a
Pareidolia Score [17]. This score is calculated by feeding
a set of m noise images {;} to the network and measuring
the collective activation of the neurons in set S. The score
is defined as (6):

R 1 1
Pareidolia Score = ;Z‘H (E 20, (é,-) > 0‘]- (6

ieS

Here, I is an indicator function that returns 1 if the
average activation of the neurons in S exceeds a certain
threshold o, and O otherwise. This score effectively
measures how frequently the model “sees” its target
concept in stimuli that lack any actual content.

DISCUSSION OF RESULTS

The experiments yielded strong evidence
supporting our hypothesis, demonstrating that concepts
are represented by sparse, causally significant, and
functionally distinct neuron sets. The key results are
summarized in Table 1.

Table 1. Key Experimental Results for Concept Neuron
Identification.

Concept | SPArsity | Ablation Impact|  Pareidolia
(sD (Adcc) (%) Frequency (%)

Cat 14 76.2 314

Dog 17 69.8 22.1

These results lead to several critical findings:
High Sparsity of Representation. Our method
successfully identified extremely small sets of neurons

responsible for each concept (14 for “cat”, 17 for “dog”).
These sets represent less than 0.1 % of the total neurons
in the searched layers, indicating a highly sparse and
efficient encoding scheme within the network [18].

Causal Role Confirmation. The ablation experiments
confirm the critical, causal role of these neuron sets.
Removing just these 14 “cat” neurons rendered the
network largely incapable of recognizing cats, causing
a 76.2 % drop in accuracy for that class [19]. This is a
powerful demonstration of causality, moving beyond the
correlational insights provided by typical heatmap-based
methods [20].

Pareidolia and Perceptual Bias. The identified concept
neurons exhibited a strong tendency towards pareidolia
[21]. The “cat” neurons, for instance, fired on 31.4 % of
noise images, suggesting they are finely tuned to detect
cat-like features even in their absence [22]. This illusion
rate was found to be 5 times higher than for randomly
selected sets of neurons, indicating that this is a specific
property of the concept-encoding neurons and provides a
window into the model’s perceptual biases [23].

CONCLUSIONS

This research successfully addressed the critical
challenge of moving beyond correlational interpretability
to achieve a causal and controllable understanding of
how deep neural networks represent semantic concepts.
We introduced a novel framework that formulates the
identification of concept-specific neurons as a constrained
L0-optimization problem. By employing efficient greedy
search heuristics and an activation masking protocol, our
method localizes the minimal, causally sufficient sets
of neurons responsible for a network’s recognition of a
given concept.

Our experiments on the VGG16 architecture yielded
three key findings. First, we demonstrated that high-level
concepts are encoded with extreme sparsity; for instance,
the “cat” concept was localized to a set of just 14 neurons,
representing less than 0.1 % of the units in the target
layers. Second, we established a definitive causal link
between these sparse sets and the network’s behavior;
targeted ablation of the 14 “cat” neurons resulted in a
drastic 76.2 % drop in classification accuracy for that
class, confirming their critical role. Third, by pioneering
a quantitative “Pareidolia Score”, we revealed that these
same neurons are highly susceptible to producing illusory
recognitions in ambiguous stimuli, with the «cat» neuron
set achieving a pareidolia frequency of 31.4 %.

The implications of this work are twofold. From a
scientific perspective, it provides a mechanistic window
into the internal representations of DNNs and offers
a new paradigm for analyzing their perceptual biases.
From a practical standpoint, it bridges the gap between
interpretability and control, offering a pathway toward
more auditable, robust, and safe Al systems. The ability
to pinpoint and manipulate the specific neural circuits
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underlying a concept is a crucial step for debugging as Vision Transformers, and exploring its utility for
models in high-stakes domains like medical Al and advanced applications, including model debiasing,
autonomous systems. Future work will involve applying targeted data augmentation, and enhancing adversarial
this framework to more complex architectures, such robustness.
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