Vision by Logic: a Naive Visual Recognition
Model with Non-Axiomatic Logic

1,3[0000700027947579434]7 Boyang Xu2 [0009700047819471343]’ and Pei
1[0000—0002—1066—0454]

Bowen Xu
Wang

! Department of Computer and Information Sciences, Temple University, USA
2 Technical University of Denmark, Lyngby, Denmark
3 bowenxu.agi@gmail.com

Abstract. Logic-based systems were commonly considered unsuitable
for perceptual tasks. In this work, we explore an alternative approach
in which visual recognition is treated as a process of logical inference.
Building on Non-Axiomatic Logic (NAL), a logic for reasoning under
uncertainty, we represent objects as compositional concepts defined by
parts and their spatial relations, while local observations provide graded
evidential support for competing hypotheses. Recognition is thus for-
mulated as an incremental process of evidence accumulation and belief
revision, unifying perceptual processing and logical reasoning within a
single framework. To demonstrate the feasibility of this perspective, we
construct a minimal model, the Convolutional Concept Network (CCN),
which combines convolution-like operations with NAIL-based inference.
The model maintains explicit, interpretable intermediate representations.
Experiments on MNIST show that the system learns hierarchical con-
cepts, suggesting that logic can be applied to visual recognition effec-
tively.

Keywords: Visual Recognition - Non-Axiomatic Logic - Convolutional
Concept Network.

1 Introduction

Vision has long been a central topic in artificial intelligence and related fields. A
wide range of approaches have been developed for visual recognition, modeling
the problem from different perspectives.

In this work, we study vision from a logical perspective, formulating visual
recognition as a process of logical reasoning. From this viewpoint, objects are
represented as concepts composed of parts and their relative relations, while local
observations provide evidence for competing hypotheses. The system integrates
such evidence and incrementally updates its beliefs, forming an interpretation
of the observation. In this way, the transformation from pixels to objects is
expressed within a unified representational and inferential framework.

The idea of vision as a logical process has important precedents in psychology.
Helmholtz described vision as “unconscious inference”; arguing that perception
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draws conclusions about the most likely external cause from fragmentary sen-
sory input. [5] Rock likewise proposed that perception is a process of intelligent
problem-solving that follows a logic similar to higher-level thought. [4] These
support the view that perception itself can be understood as a form of reason-
ing.

To formalize this perspective, we adopt Non-Axiomatic Logic (NAL) [7] as
the underlying basis. NAL is a form of logic designed for reasoning under con-
ditions of insufficient knowledge and resources, where conclusions are supported
and revised based on accumulated evidence. Within this framework, perceptual
processing and logical inference can be formulated in a unified manner.

Although symbolic methods have traditionally been associated with high-
level cognitive processing and are often considered unsuitable for low-level per-
ceptual tasks, systems grounded in NAL should not be understood as symbolic
in the conventional sense. NAL adopts ezperience-grounded semantics [6], in
which the meaning of a concept depends on its relations to other concepts and
evolves through interaction. From this perspective, a NAL-based system can be
viewed as a concept network [10], where both concepts and their relations are
dynamically updated.

We construct a minimal visual model, the Convolutional Concept Network
(CCN). The model combines convolution-like operations with logical inference:
local regions are matched in a spatially distributed manner, while the match-
ing results are represented, combined, and revised using NAL. All intermediate
representations are expressed in logical form, making each processing step inter-
pretable and allowing recognition outcomes to be traced back to their contribut-
ing components and spatial structure.

This work does not aim to compare with or improve upon existing methods,
nor to compete with highly optimized deep neural networks, but instead explores
visual recognition from a different theoretical foundation, demonstrating the
feasibility of applying Non-Axiomatic Logic to visual recognition.

2 Basis

This section introduces the conceptual foundations underlying the proposed
model. We first summarize the NAL-based account of object recognition that
provides the theoretical foundation of the paper. We then describe how image
pixels are encoded as primitive concepts and give a simple edge-detection exam-
ple to illustrate how part-whole object representations can already operate at
the level of basic visual features.

2.1 Preliminaries: a Brief Introduction to NAL

“Logic” in NAL is about the laws (or rules) of valid inference (or reasoning), or
the “laws of thought”. A concept is a the core unit for organizing knowledge. Each
concept is identified by a term, like bird, and animal. Relations between/among
concepts are represented by statement. The simplest form of statement in NAL
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is inheritance statement, written as S — P, which can be informally understood
as “S is a specialization of P” and “P is a generalization of S”. For example,
bird — animal indicates that the concept bird is included in the concept animal
(to a degree). NAL can express instance, denoted by {S}, and property, denoted
by [P]. For example, {applel} — [red] means “the apple is red”. NAL also in-
cludes other types of relations, such as implication, which expresses conditional
dependence between statements, though the present work mainly relies on in-
heritance.

Unlike classical logic, where meaning and truth are defined with respect to a
fixed knowledge-base, NAL adopts ezperience-grounded semantics, in which both
the meaning of concepts and the evaluation of statements are determined by ac-
cumulated experience and may change over time. Accordingly, each statement
is associated with a truth-value that reflects the system’s current assessment
based on available evidence. Rather than being binary, a truth-value, denoted as
(f;¢), consists of two components: a frequency, indicating how often the state-
ment is supported by evidence, and a confidence, indicating how reliable this
estimate is. Formally, given positive wt and negative evidence w~, as well as
total evidence w, frequency is defined as f = w™/w, and confidence is defined
as ¢ = w/(w+k) (where k is a constant and usually k = 1). For comparison and
decision-making, the numbers in (f;c¢) can be merged into a single scalar called
expectation, defined as

e=05+c-(f—0.5), (1)

which provides an overall measure of plausibility.

Reasoning in NAL proceeds by combining and revising statements according
to available evidence. Since knowledge is incomplete and resources are limited,
conclusions are tentative and subject to revision when new evidence becomes
available. In this sense, inference in NAL can be understood as a process of
evidence accumulation and belief updating. In this paper, the following inference
rules are involved.

Name Rule Truth-Value Function
Deduction | M - P, S— MES =P | f=fifs c= fifocico
Induction | M — P, M — S+ S — P | wT = fifacico; w= facica
Abduction | P—M, S—MFS — P | wT = fifocico; w= ficica

Additionally, when the same statement gets two different truth-values, the re-
vision rule can be applied to merge them into one truth-value (wt = wf +
w;; w~ = w; + w, ), or the choice rule can be applied to choose one of them

as the output. [7]

2.2 Object Recognition by NAL

Recent work by Xu and Wang [11] treats an object not as a pre-given external
entity, but as a constructed concept that summarizes relatively stable relations
among parts. Formally, an object prototype P is represented as a set of part—
whole beliefs P — [C;](p;), where C; denotes a component concept and p; de-
notes its position relative to the other parts. In this representation, the identity
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of an object is carried not by any single feature alone, but by the organized
pattern of features and their relative positions.

When an image instance S provides evidence for one of the parts ({S} —
[Ci](p:)), and an object prototype also include the part (P — [Cy](p;)), the sys-
tem obtains evidence that the whole object may be present as well ({S} — P)
according the the abduction rule [11]. With more parts present or absent, the
truth-value of {S} — P is thereby updated using the revision rule Recognition
is therefore an evidential accumulation process: multiple local observations con-
tribute graded support to candidate object hypotheses, and the accumulated
support is revised as more evidence arrives. This view is especially attractive
for perception because it naturally handles partial evidence, uncertainty, and
missing parts. This formulation also introduces spatial tolerance in a principled
way. Parts with the same type but nearby relative positions can be treated as
similar [11], so recognition need not rely on exact pixel-perfect coincidence.

The present paper adopts this part-based, position-sensitive account as the
theoretical foundation of the model. A prototype stores its parts and their rel-
ative positions, the forward pass accumulates evidence from observed parts to
candidate wholes, and learning revises the prototype according to the evidence
supplied by new experience.

2.3 Image Encoding

To use the above formalism on images, each pixel must first be converted into
primitive concept(s). This step serves as the interface between raw sensory values
and logical object recognition. Rather than feeding continuous pixel intensities
directly into the object model, the system quantizes them into a small vocabulary
of concept types and attaches them to spatial positions.

Figure 1 illustrates the general idea. For a gray-scale image, intensity can be
represented on a black-white axis. In the simplest setting, the pixel is binarized
into the concepts black and white; more generally, the axis can be discretized into
several intermediate levels. For color images, the same idea extends to channels
such as red/non-red, green/non-green, and blue/non-blue. The lower part of the
figure shows that familiar colors can be interpreted as combinations of channel
concepts: for example, white activates red, green, and blue together, whereas
black corresponds to their complements.

In the object formalism, a pixel value yields beliefs of the form {#} —
P, where P is the quantized concept assigned to that pixel, and {#} is an
anonymous instance generated by the system. For the current implementation,
the encoder uses the minimal black/white setting, so each pixel becomes one
primitive instance written into the feature-map.

Figure 2 further shows that the encoded concepts may be equipped with
graded similarities. Discrete levels closer to white, for example, can have a
stronger similarity to the white concept than darker levels. Such similarities
are useful because perceptual evidence is rarely exact. They provide a natural
route for generalization: a prototype learned from one intensity level may still
partially match a nearby level, allowing recognition to remain robust under small
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Fig. 1. Examples of concept-level encodings for gray-scale and RGB pixels. Gray-
scale values are arranged on a black—white axis, while color pixels are decomposed
into channel-wise conceptual oppositions such as red/non-red, green/non-green, and
blue/non-blue.

changes in illumination or quantization. In the present paper we use a deliber-
ately simple binary encoding to isolate the central logical mechanism, while the
figures illustrate a more general way of conceptually encoding color that leaves
room for future extensions.

(0.25;0.25)
—\ (0.50;0.50)
¢ \_(0.75;0.75)
00000000
black white

Fig. 2. Similarity among discretized encoding levels. Neighboring levels on the black—
white axis can be treated as conceptually similar to different degrees, which later
enables tolerant matching rather than exact equality only.

2.4 Example: Edge Detection

To illustrate, we consider a small edge-detection example. The purpose is not to
introduce a separate algorithm, but to show how even a classical low-level visual
feature can be expressed as object recognition in the NAL sense. Each edge
prototype is defined as a sparse arrangement of black and white components
within a 3 x 3 receptive field.

Figure 3 shows two hand-specified prototypes, Prewitt-0 and Prewitt-90, ro-
tated by 90° relative to one another. Each prototype contains only the informa-
tive positions: one side of the patch is expected to be black and the opposite side
white, while the dashed cells are left unspecified. In other words, the detector is
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represented not as a numeric filter kernel, but as a set of high-confidence beliefs
of P — [black]|(p) and P — [white](p).

PO — [white](p12) (1.0;0.95)
PO — [white](p,2) (1.0; 0.95)

P90 — [white](p,1) (1.0; 0.95)
P90 — [white](p,,) (1.0; 0.95)

Prewitt-0 Prewitt-90
* PO - [black](pgo) (1.0; 0.95) P90 — [black](pge) (1.0; 0.95)
* PO - [black](py0) (1.0;0.95) P90 — [black](pgy) (1.0; 0.95)
* PO — [black](ps0) (1.0; 0.95) P90 — [black](py2) (1.0; 0.95)
* PO — [white](py,) (1.0; 0.95) P90 — [white](p,o) (1.0; 0.95)

Fig. 3. Two oriented edge prototypes represented as sparse concept arrangements.
Filled circles indicate explicitly modeled black or white components, and dashed circles
denote positions left unspecified in the prototype.

When such prototypes are scanned over an image, a local patch supports
whichever edge concept best explains its pattern of black and white evidence.
Figure 4 (a) shows the responses of the two prototypes on a handwritten digit,
where the intensity at each location represents the expectation of the truth-value
of the corresponding match. The two maps emphasize complementary oriented
structures: one responds strongly to one dominant local contrast orientation,
and the other to the orthogonal orientation. This small example illustrates the
general strategy of the model. A primitive edge is already treated as an object-
like concept defined by parts and relative positions; higher-level shapes can then
be learned compositionally from these lower-level edge concepts in exactly the
same manner.

More concretely, as illustrated in Fig. 4 (b), each component in the recep-
tive field contributes local abductive evidence to the hypothesis {S} — P:
when a component in the observation agrees with that specified in the pro-
totype, it yields a positive contribution (e.g., P — [black](poo) (1;0.95) and
{S} — [black](poo) (1;0.95) derive {S} — P (1;0.47)), while mismatched or
unsupported components provide negative (e.g., P — [white](pa2) (1;0.95) and
{S} — [white](p22) (0;0.95) derive {S} — P (0;0.47)) or null contributions (e.g.,
P — [black](p11) (1;0.95) and {S} — [black](p11) (0;0) derive {S} — P (0;0)).
After all components are evaluated, these truth-values are combined through
the revision rule in NAL, resulting in a single truth-value for the match (e.g.,

{S} — P (0.83;0.84)).

3 Pragmatic Simplifications

The model presented in this paper adopts several simplifying assumptions to
isolate the core logical mechanisms of perception. These assumptions are intro-
duced to make the problem feasible in the current implementation.
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(@ Pprewitt-90 Prewitt-0 (b)

. After revision:
(0.0;0.47)"~ {S} - P (0.83;0.84)

Fig. 4. (a) Responses of the two oriented prototypes on a sample digit, showing how
local contrast patterns are turned into orientation-specific concept activations. (b) Il-
lustration of component-wise matching, where local abductive evidence from individual
parts is combined through revision to produce the final recognition result.

First, we consider the problem of visual recognition as follows: given a large
set of sensory observations distributed over space, and a large set of candidate
prototypes (each defined by a set of components with relative positions), the
system must determine which prototype best explains the observations at each
location. In general, this matching problem is challenging not merely due to
its computational cost, but because it must be performed under resource con-
straints. In realistic settings, the system does not have sufficient time to evaluate
all possible matches. Instead, decisions often need to be made based on partial
evidence, before a complete set of candidate explanations can be considered.
Moreover, visual perception is inherently coupled with sensorimotor processes [3],
but the current model does not consider such processes and only handles passive
observation.

Furthermore, learning introduces an additional challenge: the system must
decide which prototypes to revise, and based on which new observations. This
involves a dynamic allocation of computational resources, as well as a mechanism
for selecting informative experiences. In a general setting, such processes are
expected to rely on heuristic strategies and attentional control, allowing the
system to focus on relevant regions of the input and relevant candidate concepts
over time.

In the present work, we adopt a significantly simplified strategy. Prototype
matching is performed exhaustively: at each spatial location, the system eval-
uates all candidate prototypes. This procedure is functionally analogous to the
convolution operation in deep learning. In addition, we assume that each input
is given sufficient observation time. That is, all candidate explanations are evalu-
ated before a final decision is made. After the accumulation of evidential support,
a competition mechanism is applied to select the best explanations, which are
then used to revise the corresponding prototype. This assumption removes the
need to address time-pressure and incremental decision-making, which remain
important topics for future work.

Finally, we assume that spatial structure is given a priori. The relative po-
sitions of components are directly available to the system and are used as part
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of the object representation. While this assumption is common in many vision
models, it is not fundamental. As discussed in [11], spatial sense itself may be
learned from sensorimotor experience, and integrating such mechanisms into the
present framework is an important direction for future research.

4 Convolutional Concept Network

We now describe the implemented Convolutional Concept Network (CCN), a
minimal visual model that combines the convolutional operation with Non-
Axiomatic Logic.

CCN represents knowledge through structured, interpretable prototypes. Match-
ing a receptive field against a prototype yields a truth-value, and learning refines
prototype structure directly. Generally, CCN alternates between two routines: a
forward operation and a learning operation. In the forward routine, each local in-
put patch is matched against a bank of prototypes, producing a new feature map
of concept instances. In the learning routine, the winning prototypes are revised
using the local evidence that supported their recognition. Perception therefore
unfolds as a repeated cycle of accommodation and assimilation as termed by
Piaget [2].

Encoding. The input image is first converted into a spatially distributed set of
observations of the form {#} — P: For a gray-scale image, each pixel value at
location p; is quantized into a discrete sensory type. In the simplest setting used

here, the encoder uses two sensory prototypes, PO(O) = black and Pl(o) = white,
although the model can, in principle, be extended to support a larger number
of quantization levels. For each location, the system creates a temporary anony-
mous instance with a type and a truth-value, so each observation has the form
{#} — PZ-(O) (f;¢), which is stored into a cell, of a feature map, corresponding
to position p;.

Feature maps and prototypes. The observations from encoded image as
well as a lower layer are stored in a feature map, a two-dimensional grid whose
cells correspond to spatial locations in the image. Rather than storing a single
value, each cell maintains a set of candidate instances, since the input at a
location may match multiple prototypes simultaneously. FEach match gives rise
to an anonymous instance together with its type, with the form {#} — P. An
observation from a lower layer, {#(l_l)} — P, is converted to a component of an
instance observed in the current layer, i.e., {#®} — [P](p), so that abduction
can be applied with it and a prototype in layer [ as premises.

An object prototype in layer [ is represented as a set of typed components
anchored to relative positions within a finite receptive field. Formally, a prototype
Pﬁl) in layer [ is composed of statements of the form

PO = [P )y) (f50) )
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meaning that the prototype expects a component of type Pi(l_l) at relative po-
sition p; in layer [ — 1. Each component carries a truth-value indicating how
strongly and how confidently that component belongs to the prototype. Conse-
quently, a prototype is not a rigid template, but an arrangement of parts with
graded evidential support.

A prototype stores only its occupied components up to a fixed capacity,
reflecting a resource constraint that prevents unbounded growth. When this
capacity is reached, the weakest component is discarded when inserting a new
one, allowing the prototype to remain adaptive while maintaining a bounded
size.

Prototype matching. Prototype matching should first be understood at the
level of a single concept hypothesis. Given a feature-map from layer [ — 1, the
model slides one prototype over the map using a convolution-like schedule defined
by a kernel shape, stride and padding. At every output position, the local input
patch is interpreted as evidence for an anonymous instance in layer [, and the
prototype is evaluated as a possible explanation of that patch.

Matching is performed component-wise. Suppose the current patch contains
an observed feature {#} — [Pi(l_l)](pj) and the prototype contains the state-

ment PV — [Pi(lfl)](pj). Their agreement supports the abductive conclusion

that the anonymous local instance belongs to the prototype:

PO = [P V)(p)). {#) = [P V)) - {#) = PO (Fana) . (3)

The total match between a patch and a prototype is then obtained by revising
the abductive evidence accumulated across all occupied component locations in
the receptive field.

This single-prototype matching process is graded rather than exact: the re-
sult is a truth-value, not a binary decision. Moreover, the implementation allows
missing or mismatched local evidence to contribute negative support rather than
causing the entire match to fail abruptly. The present or absence of an anony-
mous instance is therefore evaluated by the balance of positive and negative
evidence across its receptive field, quantified by truth-value.

Prototype learning. Prototype learning is likewise easiest to define first for

a single winning concept. Once a winner {#} — PY has been selected, the
corresponding prototype is revised using the input patch that supported it. For

each observed component in the lower layer, the model performs induction,

(#) = [P0y, {#) = PO FPO 5 [P (p)) (Fina). (4)

If the corresponding component already exists in the prototype, its truth-value
is revised; otherwise, a new component is inserted. In this sense, learning is
not parameter optimization in a continuous vector space, but the incremental
revision of an explicit part-based hypothesis.
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The implementation also incorporates negative evidence within a winning
prototype. When the winner confirms one component type at a relative position,
alternative component types already stored at the same position receive negative
inductive support. For example, when {#} — [Po(l)](po) is observed, and both
Péz) — [Pél)](po) and P(EQ) — [Pl(l)}(po) are contained in prototype PO(Q), a
negative observation {#} — [Pl(l)](po) (0.0;0.5) is generated, and induction is
then applied to generate a negative belief of Péz) — [Pl(l)] (po). Through negative
observation, the system strengthens not only what tends to be present, but also
what tends to be absent.

Competition across concepts. Inspired by [1], we introduce the competi-
tion mechanisms in matching and learning. The single-prototype mechanisms
described above are embedded in a second level of organization: competition
among multiple concept hypotheses. In the forward pass, the same local patch is
matched against the entire bank of prototypes at the current layer. Several can-
didate concepts may therefore be supported at the same output position. Rather
than collapsing these responses immediately, the model stores all matched can-
didates at that position and ranks them by expectation of truth-value.

This ranking implements point-wise inhibition. Multiple concepts may com-
pete to explain the same local evidence, but only the strongest explanation
remains active at that location. The lower-ranked candidates are not discarded;
they are preserved as latent alternatives. The winners are used for next layer’s
recognition.

Competition is extended further during learning. After the forward pass,
the system repeatedly selects the strongest candidate in the whole feature-map
and then applies a lateral inhibition window around that winner, suppressing
nearby candidates before the next selection step. The result is a set of spatially
distributed winners. Consequently, only a coherent subset of concept instances is
allowed to revise its prototypes at each learning step. This procedure combines
local evidence accumulation with inter-concept competition and plays the role
of a winner-take-all mechanism over both concept identity and spatial location.

In a nutshell, the matching routine decides which concepts are plausible ex-
planations for each patch; the learning routine decides which of those explana-
tions are sufficiently strong and sufficiently non-redundant to drive learning.

Pipeline. A sensory image is first quantized into primitive concept instances
and written into the input feature-map. For a given layer, the prototype bank is
then scanned over the incoming feature-map by convolution, producing a ranked
list of candidate concepts with the form {#} — P at each location. In the learn-
ing routine, winner selection and lateral inhibition determine which instances
are allowed to revise the prototype bank. Point-wise competition keeps only the
strongest candidate active, and they are passed upward as the representational
output of the current layer.
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The resulting architecture is naturally hierarchical. The sensory interface
produces a feature-map of primitive sensory types. A first learned layer can then
acquire local prototypes corresponding to simple patterns such as oriented edges
or corners. A subsequent layer treats those lower-level recognitions as compo-
nents and learns larger compositions. The same representational scheme is reused
across layers: a higher-level concept is always represented as an arrangement of
lower-level concepts with explicit relative positions and truth-values.

5 Experimental Results

Experiments are conducted on the MNIST handwritten-digit dataset. The pur-
pose of this section is not primarily to optimize classification accuracy, but to
examine whether the proposed hierarchical learning process acquires meaningful
intermediate concepts. To provide a simple quantitative check, we attach a lin-
ear classifier (SVM) to the learned representation. We train the first layer using
10,000 images, then train the second layer and the SVM classifier using 20,000
images. During layer-2 training, the first layer is frozen; during classifier training,
both learned layers are frozen. The final system is evaluated on the full test set.
Under this protocol, the model reaches 99.3% training accuracy and 95.5% test
accuracy.
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Fig. 5. Learned prototypes in the first two layers. Left: layer-1 prototypes. Each spatial
position is colored by the concept type with the highest expectation of truth-value at
that location, and the opacity indicates the corresponding confidence of truth-value;
fully transparent cells denote positions where no concept is retained. Right: layer-2
prototypes, visualized by replacing each layer-1 component with the image of its cor-
responding layer-1 prototype. The first layer mainly captures local edge-like patterns,
while the second layer composes them into larger stroke fragments.

Figure 5 visualizes the learned prototypes in the first two layers. In the first
layer, many prototypes resemble familiar local primitives: vertical and horizon-
tal contrasts, and corner-like transitions. Many cells remain unspecified, while
the informative cells often carry high confidence. However, the transparency in
these visualizations should not be given a single blanket interpretation. Some
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Fig. 6. Top matches of selected layer-2 prototypes. For each prototype, the upper row
shows digit images with the matched receptive field marked in red, and the lower row
shows the corresponding local patches. The same prototype can recur in different digit
classes whenever a similar local stroke configuration is present.

layer-1 prototypes are almost completely transparent because, after receiving
tiny random confidences at initialization, they were never selected for revision
during training; under the current learning mechanism, these prototypes never
won the competition against other candidate prototypes. By contrast, isolated
transparent cells inside otherwise learned prototypes have a different origin: the
prototype itself was selected and revised, but at those particular positions no
component survived the competition against alternative components at other
positions.

The right side of Fig. 5 shows the second-layer prototypes by expanding each
lower-level component into its corresponding first-layer visualization. Compared
with the first layer, these concepts are clearly more structured. Rather than iso-
lated local contrasts, they capture longer line segments. This qualitative change
matches the intended hierarchical interpretation of CCN: higher-level concepts
are learned as explicit spatial compositions of lower-level concepts.

Figure 6 further illustrates how these second-layer concepts are used in recog-
nition. Each prototype is matched by patches drawn from different digit classes,
yet the matched local structures remain visually consistent. Some prototypes
recur on near-vertical strokes, others on diagonal segments, horizontal caps, or
curved stroke endings. At the same time, the matches are not pixel-identical:
variations in thickness, curvature, and surrounding context are tolerated as long
as the same local part-whole structure is present. This is exactly the behavior
expected from a NAL-based recognition mechanism, where matching is graded
evidential support rather than exact template equality.

For reference, Wang et al. (2022) [8] reported 43.66% accuracy on the MNIST
dataset. However, classification accuracy alone is not the main point of compar-
ison here. In the present work, the linear classifier serves mainly as a probe
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of the learned representation; the central result is that the system acquires
reusable middle-level concepts with clear visual interpretation. The two studies
are more meaningfully compared in terms of their theoretical choices. The pre-
vious work [8] adopts conjunction [7] to represent an object, e.g., (C1 A Cy ACj)
denotes an object composed of three parts. In that formulation, the absence of a
component directly counts as strong evidence against the whole, making partial
matches difficult to preserve. In contrast, the part-whole relation [11] adopted
here allows each component to contribute partial evidence, so the presence or
absence of one part is influential but never decisive. This relation is more natural
for physical objects in perception and better suited to robust recognition from
incomplete local observations.

6 Conclusion & Discussion

In this work, we constructed a naive visual recognition model based on Non-
Axiomatic Logic (NAL), in which the process from pixels to higher-level inter-
pretation is formulated as a series of logical inference steps. The main contribu-
tion of the paper is not a direct comparison with highly optimized recognition
systems, but a concrete demonstration that visual recognition can be expressed
within a logical framework. In the proposed model, objects are represented as
compositional concepts, local observations provide evidential support to candi-
date hypotheses, and recognition emerges from the accumulation and revision
of such evidence. The resulting system maintains explicit intermediate repre-
sentations, so the learned prototypes and their matches remain interpretable
throughout the hierarchy.

This work also helps clarify where the main difficulty lies in extending NAL
to perception. The challenge is not primarily in knowledge representation or
inference rules, but in the construction of invariant concepts from variant sensory
experience. At the same time, the present model leaves open the broader problem
of how a perceptual system should actively organize its own experience.

From the perspective of AGI, Wang and Hammer [9] proposed that percep-
tion should be subjective, active, and unified. However, the current model does
not yet satisfy the active principle. The system passively receives an image and
processes it with a preset scanning procedure; it does not yet decide what to
attend to, what information to seek next, or what action to take in order to
reduce uncertainty. This limitation is fundamental rather than cosmetic, and
future work should address it explicitly.

The current model has several additional limitations. Spatial sense is assumed
to be given in advance, though in principle it should itself be learnable [11]. The
image encoder is deliberately simplified, using a minimal binary representation
so that the logical mechanism can be isolated clearly. The experiments are also
limited in scope: the evaluation is on MNIST, and the current use of a simple
linear classifier mainly serves as a probe of the learned representation, though
classification could in principle be carried out within NAL itself using its na-
tive goal-driven backward inference and operation-execution mechanisms, as in



14 B. Xu et al.

[8]. Similarity relations among prototypes are also not considered, though such
relations may affect both matching and resource competition. Most of these
limitations stem directly from the simplifying assumptions mentioned in Sec 3.
Thus, there are several relatively direct extensions for future work, including
adding spatial generalization, introducing prototype generalization through con-
cept similarity, testing on more complex 2D benchmarks, and extending the
framework to 3D point-cloud perception.

More generally, the path from the present model to a system with complete
perceptual mechanisms involves many further issues that cannot be discussed
here in sufficient detail. Among them are the learning of spatial sense, percep-
tion under time pressure, scene perception, cognitive mapping, and the tighter
interaction of perception with action and other cognitive processes. For this rea-
son, the present paper should be understood as only an early step in a larger
research program. A more complete plan for such a perceptual system deserves
a separate paper.

Code Availability. The source code for reproducing the experimental results can be
found in https://github.com/bowen-xu/logical-visual-recognition.
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