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Abstract

Gestalt principles such as closure, similarity, continuation, and figure—ground
segregation have often been characterized as distinct rules guiding perceptual
organization. We demonstrate that these diverse phenomena emerge from a single
computational mechanism: inference-time prior integration. Our algorithm, Prior-
Guided Drift Diffusion (PGDD), repurposes the same feedback pathways used
during backpropagation to refine neural activations during inference, enabling
networks to integrate learned statistical regularities with sensory input. Applied to
pre-trained networks, PGDD reproduces illusory contours, perceptual grouping, and
figure-ground segregation without additional training or architectural modifications.
These effects depend on appropriate learned priors, for example, networks trained
on object-centric datasets generate Kanizsa illusions, while those trained only on
faces or scenes fail to do so. Our results suggest that Gestalt principles are not
hardwired perceptual rules but emergent consequences of how neural networks
can dynamically combine learned statistical knowledge with incoming sensory
evidence. This computational framework bridges artificial and biological vision by
showing how inference-time optimization can account for fundamental aspects of
human perceptual organization.

1 Introduction

Gestalt psychology identified a set of robust phenomena of perceptual organization: closure, similarity,
continuation, and figure—ground segregation [1]. These effects have been central to vision science
for more than a century. They demonstrate that perception is not a direct reflection of the stimulus,
but instead reflects internal constraints that group elements into coherent wholes. Several theoretical
frameworks have attempted to explain these effects. Structural information theory formalized Gestalt
laws through preferences for simpler encodings [2]. Bayesian approaches treated grouping as
probabilistic inference over common causes [3]. Predictive coding models proposed that feedback
carries expectations to generate illusory contours and modulate grouped responses [4, 5]. Despite
these efforts, no existing account provides a single mechanistic explanation that unifies all classical
Gestalt principles within the same computational process that also underlies typical visual perception.

Neural networks trained for object recognition show alignment with human behavioral and neural
activity patterns on natural images [6, 7]. However, they still fall short on many perceptual phenomena
tied to Gestalt principles. Prior studies have found that deep CNNs often fail to perceive illusory
contours and do not reliably discriminate based on global shape cues, instead relying more heavily
on local texture or outlines [8—10]. Some Gestalt-like effects have been reported in convolutional
neural networks. For example, Kim et al. [11] showed that closure emerges spontaneously in
networks trained on natural images, and Biscione & Bowers [12] reported mixed evidence for
grouping. However, these effects do not follow the rules observed in biological systems. In the brain,
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Gestalt phenomena such as illusory contours and figure—ground segregation are characterized by
delayed neural responses, and causal dependence on intact feedback pathways [1, 13—15]. While
representations in standard feedforward CNNs can sometimes be interpreted as Gestalt-like, they do
not exhibit the temporal delays or feedback dependence observed in biological systems, suggesting
that they may rely on a different underlying mechanism.

Inspired by the biological evidence that Gestalt phenomena depend on cortical feedback (Fig. 1
A), we hypothesized that the same feedback signals used during learning could also be used during
inference. In this work, we propose that the feedback pathways used to propagate error gradients
during backpropagation may also serve as a channel for accessing the implicit priors a classifier
acquires during training. We devised an algorithm, Prior-Guided Drift Diffusion (PGDD), that
reuses these learning feedback signals to update activations at inference time, without any additional
training or new feedback connections. PGDD applied to both convolutional and transformer pre-
trained networks reproduces classic Gestalt demonstrations—including Kanizsa figures, similarity
grouping, contour continuation, and figure—ground segregation. Each of these specific stimuli has
been the subject of decades of psychological and neurophysiological experiments[1, 13, 14, 16-20],
providing a direct link between our computational results and established experimental findings. This
demonstrates that all of these phenomena can be unified under a single mechanism: the integration of
learned priors with incoming sensory input.

2 Prior-Guided Drift Diffusion Algorithm

Our central hypothesis is that the same feedback signals used for learning can be repurposed during
inference to integrate priors with incoming sensory input. To test this idea in generic neural networks,
we developed an inference procedure that makes this mechanism explicit. We call this procedure Prior-
Guided Drift Diffusion (PGDD). PGDD refines activations iteratively by drifting away from noisy or
incomplete representations and diffusing toward states consistent with the network’s learned data
distribution (Fig. 1 B). We implemented PGDD as a feedback-mediated inference-time algorithm to
update activations. Given a network fy trained on natural images under a robust-to-noise classification
objective, PGDD iteratively refines activations to align with learned priors:

Loav = [7(2) — r(znie) | M

where 7(-) denotes representations at a chosen layer, Znisy = = + € with € ~ N(0,0%I), and the
constraint ||, 1 — Zgensory|| < € prevents runaway updates. The update rule is:

ZTe41 = T + 1 Va, Lpgop + &, & ~ N(0,1). @)

This procedure encourages activations to move toward regions of representation space that are more
consistent with the network’s training distribution while maintaining fidelity to sensory input. A
theoretical analysis, provided in the Supplementary (Section A.1), shows how the PGDD update
connects formally to gradients of the data distribution, providing a principled justification for its
ability to recover Gestalt-like structure.

3 Results

We presented the exact same stimuli used in decades of psychological and neurophysiological
experiments on Gestalt perception. Unless otherwise noted, all results were obtained with a robustly
trained ResNet-50 on ImageNet [21]; in the Supp.A.4, we further show that a probabilistic variant of
PGDD applied to standard (non-robust) networks produces qualitatively similar outcomes. Gestalt
Grouping: Similarity and Continuation PGDD implemented classical Gestalt grouping principles
tested in monkeys [14] through the same mechanism (Fig. 1 C,D). For similarity grouping, elements
sharing color or shape characteristics were progressively linked through iterative feedback updates.
Good continuation was demonstrated using interrupted line segments. PGDD completed contours
across gaps, extending fragmented visual information into smooth, continuous patterns.

Figure-ground segregation principle In primate V1, neurons show enhanced responses to figure
regions compared to uniform backgrounds even when local features are identical [13]. PGDD
reproduced this texture-defined figure-ground effect by progressively amplifying boundaries while
suppressing background patterns, matching both the spatial selectivity and temporal dynamics
observed in cortical recordings. PGDD applied to face-vase illusion, often framed as a instance of



. o erative Integration of pri
A Neural signatures of Gestalt principles B Iterative integration of priors Generative Inference

— Inference (conventional)  py Prior-guided drift diffusion
— e (Learning feedback is not used) feedback carries the propagat.ed i'nference errors
Feedback for learning . ....,.css, to update the activations
memm (e.g. backpropagation) 1$8% ’;.
./‘7’ i
egment

o
N
)
Q

Receptive field of a neuron in V1
— on the same group as attended
“*- on the different group

Firing rate

Inference objectives

m T —
/nput_> &L= H
—~~- Input 0|
Time (ms) (Out-of-distribution)
C  Gestalt principle of grouping by continuation D Gestalt principle of grouping by similarity
Iterations of PGDD Iterations of PGDD

Pre-trained
Network (e.g. ResNet50)

=

Feedback

SHE B

LA R R R R R ML E R R JNL & & 0 |

Forward A

o000 00O OO OS |FPEanw
Input Input

Figure 1: PGDD unifies Gestalt principles through feedback-driven prior integration. (A) Neural
signatures of Gestalt principles in biological vision show characteristic delayed responses when
neurons’ receptive fields fall on grouped versus ungrouped elements, indicating feedback-mediated
processing [1, 17], see also [13, 14, 16, 19, 20]. (B) PGDD repurposes learning feedback pathways
during inference. While conventional inference leaves learning feedback connections unused, PGDD
reactivates these same pathways (e.g., backpropagation) to iteratively update activations using
inference objectives, enabling integration of learned priors with out-of-distribution inputs (Supp.A.2).
(C) Gestalt principle of grouping by continuation: PGDD applied to the same stimulus in [1]
progressively completes segments across iterations, with feedback activation patterns (top row)
showing enhanced connectivity while forward activations (bottom row) display completed continuous
lines. (D) Gestalt principle of grouping by similarity: PGDD groups elements sharing visual features
(color, shape) through iterative feedback updates (same stimulus used in [1]).

ss figure-ground segregation, revealed how different learned priors shape perceptual interpretation (Fig.
87 2) B. Networks trained for object recognition generated vase-like features through PGDD, while those
gs trained for face recognition produced face-like patterns. Control experiments with simple rectangular
8o shapes showed that both appropriate sensory input and relevant priors are required for structured
90 interpretation.

91 Closure principle: Kanizsa Figures When presented with Kanizsa triangle inducers, PGDD gener-
92 ated clear illusory contours completing the missing edges (Figure 2). Initial feedforward processing
93 showed no evidence of triangle completion, but iterative prior accumulation progressively structured
94 activations to represent the completed figure. Control experiments confirmed the prior-dependence of
95 this effect. Networks trained on faces or places failed to generate Kanizsa squares, while those trained
96 on object-centric datasets succeeded, highlighting the role of learned statistical regularities. Across
97 all tested Gestalt principles, PGDD operated through the same computational process: iterative
98 accumulation of learned statistical regularities through feedback-mediated inference. The specific
99 manifestation depended on the network’s training history and the choice of layer for implementing
100 the PGDD parameters (Supp. A.3), but the underlying mechanism remained the same.

101 Limitations A key constraint in our current implementation stems from using pretrained neural
102 networks (both robust and standard), which restricts our activation updates to the input layer. In the
103 brain, sensory input remains unchanged while early cortical areas show delayed, feedback-driven
104 responses. Our approach of updating input activations serves as a computational proxy for this
105 biological process. We predict that training neural networks where perturbations are applied to initial
106 layer (rather than inputs) would yield similar Gestalt phenomena while more closely matching the
107 biological implementation. This architectural modification would allow internal representations to
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Figure 2: PGDD accounts for instances of Gestalt principles of figure-ground segregation and closure.
(A) Figure-ground segregation: PGDD applied to texture-defined stimuli (the same stimulus in [13])
progressively enhances figure boundaries through iterative feedback updates, consistent with delayed
V1 responses observed in primate studies. (B) Prior-dependent interpretation demonstrates the role of
learned statistical regularities in ambiguous perception. When presented with the Rubin face-vase [18]
stimulus, networks with different training regiems produce distinct interpretations: object networks
(ImageNet, top) generate vase-like interpretations while face networks (VGGFace2, bottom) produce
face-like patterns through the same algorithm (PGDD) accounting for perception-dependent activity
in human’s early visual areas [18]. (C) Closure through prior integration: Kanizsa square inducers
processed by PGDD show progressive emergence of illusory contours. Feedback activations (top)
reveal the iterative strengthening of missing edges, while forward activations (bottom) display the
completed square structure emerging over iterations, matching the delayed responses to illusory
contours in early visual cortex [15]. (D) Architectural robustness: PGDD produces consistent closure
effects across different network architectures (VGG16, ResNet18, Wide-ResNet50), demonstrating
that the mechanism operates independently of specific architectural features. (E) Prior-specificity:
Closure effects depend critically on appropriate learned priors. Networks trained on object-rich
datasets (ImageNet) successfully complete Kanizsa figures, while networks trained exclusively on
faces (VGGFace2) or scenes (Places365) fail to generate illusory contours, confirming that statistical
regularities from training data drive perceptual completion.
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be refined through feedback while maintaining fixed sensory input, better aligning with the layered
processing observed in visual cortex.

4 Conclusion

We have shown that classic Gestalt phenomena—including closure, similarity grouping, good contin-
uation, and figure—ground segregation—can all be understood as expressions of a single mechanism:
feedback-driven prior integration. By reusing the same feedback pathways that support learning, our
theory-grounded algorithm Prior-Guided Drift Diffusion (PGDD) enables standard neural networks to
reproduce both the perceptual effects and the feedback dependence observed in biological vision. This
unification suggests that Gestalt principles are not independent heuristics but emergent consequences
of learned priors integrated at inference time. The approach highlights that perceptual organization,
long considered a gap between natural and artificial vision, can be realized without new architectures
or additional training. More broadly, our results point toward inference-time computations inspired
by human and animal brain, where feedback not only enables learning but also actively shapes
perception. Such dual use of feedback suggests a bridge between perceptual inference and continual
learning, where the same mechanism that guides moment-to-moment interpretation may also support
adaptation and knowledge accumulation across experience.
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A Supplementary Material

A.1 Theoretical intuition: PGDD as Implicit Denoising

The Prior-Guided Drift Diffusion (PGDD) algorithm operates through a mathematically principled
mechanism that leverages implicit denoising capabilities embedded in robust neural networks. Here
we provide the theoretical justification for why PGDD successfully accesses learned statistical priors.

Gradient Structure in PGDD Given the PGDD objective:

Lecop = [[r(x) = r(x +€)|” )
where r(-) represents network activations at layer £ and € ~ N (0, o2I), the gradient with respect to
input x becomes:

VyLropp = 2J(x)T (r(x) — r(x + €)) 4)
where J(x) = Vxr(x) is the Jacobian of representations with respect to input.
Using the linearization r(x + €) ~ r(x) + J(x)e, this simplifies to:

VxLppp ~ 2J (%) I (x)e = 2J7 Je 5)

Low-Rank Structure and Denoising Robust neural networks are known to exhibit reduced Jacobian
norms and improved local Lipschitz constants [22-24]. Adversarial training can be understood as
operator-norm regularization on J [25, 26], which reshapes the singular value spectrum. Empirical
studies report that most singular values of J are strongly suppressed while a few dominant modes
remain [27, 28]. This produces a low effective rank structure: sensitivity is concentrated in a small
discriminative subspace while class-insensitive directions are attenuated.

For a low-rank Jacobian J, the operator J7'J inherits this structure and acts as a projection onto the
span of the network’s learned feature directions. When applied to noise €:

J7Je=3"J(e| +€1) (6)

where € lies in the span of learned features and €, is orthogonal to this span. Due to the low-rank
structure:
J7Je~ I J¢ (7

This selective filtering preserves class-relevant perturbations while suppressing orthogonal noise
components, effectively implementing a learned denoising operator.

Connection to Score-Based Models The denoising operator J7J in PGDD parallels the score
function V log p(x) (estimated by denoiser autoencoders) used in diffusion models. Both operators
guide iterative refinement toward higher-probability regions of the learned data distribution. However,
unlike explicit generative models, PGDD accesses this denoising capability as an emergent property
of robust classification training.

The iterative update rule:
X1 =% + 137 Je + €, ®)

where &, ~ N(0, 02,,I) provides stochastic exploration, implements a form of Langevin dynamics
guided by the implicit score function encoded in the robust classifier’s gradient structure. This
theoretical framework explains why PGDD can successfully extract learned priors from networks
trained solely for classification, without requiring additional generative objectives or architectural
modifications.
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A.2 PGDD algorithm

Algorithm 1 Prior-Guided Drift Diffusion Objective
1: Input: Image z;i,pu, model f, target layer ¢, constraint ¢, step size «, noise ratio o, iterations 1’
Output: Refined representations {z;}._,
// Step 1: Feedforward pass
x¢ < normalize(Zinput)
fe + extract_layers(f, £) {Extract model up to layer ¢}
Tnoisy < 20 +0N(O>I)
Tanti-target <— JSe (xnoisy) { Generate noisy reference representation}
fort =1to T do
9:  // Step 2: Inference objective selection
10:  anti-target <— Tangitarger { Us€ noisy reference as target}
11:  // Step 3: Feedback error propagation
12:  hy + fo(xi—1) {Forward pass through target layers}
13: Ly« ||h — Tann-mgetHQ {MSE loss in representation space }
14: g4 < V,, , L {Gradient via feedback pathways}
15.  // Step 4: Constrained activation update
16: gt < - g+/(||lg¢]] + 1e-10) {Normalize gradient}
17:  n « diffusion_noise_ratio - N'(0, I) {Add stochastic noise}
18:  x} < x¢—1 + G+ + n: {Move away from representation of noisy input (anti-target)}
19:  x; + project(x}, 2o, €) {Enforce ||z; — zp||oo < €}
20:  // Step 5: Iteration control

21:  {Continue to next iteration}
22: end for
23:

24: return {z,}1,

A.3 PGDD parameters

Note: These parameters represent working values for the demonstrations shown. PGDD operates
effectively over broader parameter ranges not detailed here.

Table 1: PGDD parameters for different Gestalt principle instances

2

Phenomenon Layer Noise o® [Iterations Step Size (update rate)
Closure: Kanizsa figures Last 0.1 50 0.5
Similarity grouping Layer 3 0.1 50 1.0
Good continuation Layer 3 0.1 50 0.4
Figure-ground Layer 3 0.5 100 0.8
Rubin’s vase Last 0.5 100 0.8
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A.4 sPGDD: probabilistic variant of PGDD for standard neural networks

While PGDD works optimally with networks trained for robustness to adversarial perturbations [21],
PGDD can still be extended to standard networks trained without explicit robustness objectives,
we developed a probabilistic variant called smooth Prior-Guided Drift Diffusion (sPGDD). sPGDD
leverages averaging gradients over multiple noise-corrupted versions of an input [29]. At each
iteration, sSPGDD generates multiple noise-corrupted versions of the current state, computes gradients
for each sample, and averages these gradients to update the input activation.

A Vanilla PGDD in standard ANNs
Convolutional Transformer

B Probabilistic PGDD in standard ANNs

Y Y] &

Figure S1: sPGDD extends PGDD to standard neural networks through probabilistic inference. (A)
Standard generative inference fails in conventional networks: Both convolutional (ResNet-50) and
transformer (ViT-Large) architectures trained without robustness show minimal illusory contour
formation when using direct PGDD on Kanizsa squares and figure-ground stimuli. (B) Probabilistic
PGDD (or smoothed PGDD) succeeds through gradient averaging [29]: The same networks generate
clear illusory contours and figure-ground effects when using sSPGDD with gradient averaging over
multiple noise samples.
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A.5 End-to-end training of feedback as in RNNs and predictive coding

To demonstrate the specificity of PGDD, we investigate alternative frameworks that incorporate
feedback processing but use separate feedback for learning and inference. We tested two prominent
architectures that explicitly include recurrent or feedback connections trained end-to-end for visual
recognition: CORnet-S [30] and PredNetBpE [31].

CORnet-S implements recurrent processing within cortical areas through fixed recurrent weights
during inference, effectively extending processing depth but not directly leveraging the same pathways
used for error propagation during learning. PredNetBpE implements predictive coding principles
with feedback connections that carry top-down predictions and bottom-up prediction errors during
both training and inference. Both models were trained on ImageNet for object recognition and tested
on the same Gestalt stimuli used to evaluate PGDD. Despite incorporating feedback mechanisms,
neither model reliably reproduced the range of Gestalt phenomena observed with PGDD, highlighting
that end-to-end training of recurrent feedback (through backpropagation through time) is insufficient
to account for these perceptual and neural phenomenon.

Control: end-to-end recurrent optimization frameworks
Principle of closure Principle of figure-ground segregation

9 7
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conv gate
input W\—» output

o

Feedforward

S —— S— —

Feedback

V2 activations (Channel 8)

Predictive coding (at scale)
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Figure S2: Alternative recurrent frameworks show limited Gestalt processing compared to PGDD. (A)
CORnet-S, a biologically-inspired recurrent neural network, fails to generate clear closure effects for
Kanizsa figures (red X) and shows weak figure-ground segregation despite its recurrent architecture.
(B) PredNetBpE, implementing predictive coding at scale, captures some figure-ground segregation
(green checkmark) but fails at closure generation.
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