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Abstract

Humans are extremely robust in our ability to perceive and recognize objects—we see faces

in tea stains and can recognize friends on dark streets. Yet, neurocomputational models of

primate object recognition have focused on the initial feed-forward pass of processing

through the ventral stream and less on the top-down feedback that likely underlies robust

object perception and recognition. Aligned with the generative approach, we propose that

the visual system actively facilitates recognition by reconstructing the object hypothesized

to be in the image. Top-down attention then uses this reconstruction as a template to bias

feedforward processing to align with the most plausible object hypothesis. Building on auto-

encoder neural networks, our model makes detailed hypotheses about the appearance and

location of the candidate objects in the image by reconstructing a complete object represen-

tation from potentially incomplete visual input due to noise and occlusion. The model then

leverages the best object reconstruction, measured by reconstruction error, to direct the bot-

tom-up process of selectively routing low-level features, a top-down biasing that captures a

core function of attention. We evaluated our model using the MNIST-C (handwritten digits

under corruptions) and ImageNet-C (real-world objects under corruptions) datasets. Not

only did our model achieve superior performance on these challenging tasks designed to

approximate real-world noise and occlusion viewing conditions, but also better accounted

for human behavioral reaction times and error patterns than a standard feedforward Convo-

lutional Neural Network. Our model suggests that a complete understanding of object per-

ception and recognition requires integrating top-down and attention feedback, which we

propose is an object reconstruction.

Author summary

Humans can dream and imagine things, and this means that the human brain can gener-

ate perceptions of things that are not there. We propose that humans evolved this genera-

tion capability, not solely to have more vivid dreams, but to help us better understand the

world, especially when what we see is unclear or missing some details (due to occlusion,
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changing perspective, etc.). Through a combination of computational modeling and

behavioral experiments, we demonstrate how the process of generating objects—actively

reconstructing the most plausible object representation from noisy visual input—guides

attention towards specific features or locations within an image (known as functions of

top-down attention), thereby enhancing the system’s robustness to various types of noise

and corruption. We found that this generative attention mechanism could explain, not

only the time that it took people to recognize challenging objects, but also the types of rec-

ognition errors made by people (seeing an object as one thing when it was really another).

These findings contribute to a deeper understanding of the computational mechanisms of

attention in the brain and their potential connection to the generative processes that facili-

tate robust object recognition.

Introduction

One of the hallmarks of human visual recognition is its robustness against various types of

noise and corruption [1, 2]. Convolutional Neural Networks (CNNs) trained on object classifi-

cation have gained popularity as models of human and primate vision due to their ability to

predict behavioral and neural activity during visual recognition [3–7]. However, CNNs can

still be highly vulnerable to small changes in object appearances even when the changes are

almost imperceptible to humans ([8, 9]; but see [7] for CNNs reaching human-level perfor-

mance in recognizing distorted images). Recent studies also revealed that CNNs exploit funda-

mentally different feature representations than those used by humans (e.g., relying on texture

rather than shape, [10, 11]), suggesting that current computational vision models still do not

fully capture primate visual processing.

The question of how humans robustly recognize objects under challenging viewing condi-

tions, such as noise and occlusion, has been a long-standing problem spanning various disci-

plines, from cognitive science [12, 13] and neuroscience [14, 15] to computer vision [16, 17].

One widely accepted hypothesis is that top-down feedback, broadly associated with attention

control or bias, serves to refine object representations through the selective modulation of

responses in early visual areas, thereby better aligning them with higher-level object hypotheses

[18–22]. However, the computational mechanism underlying this top-down feedback remains

elusive, particularly regarding how this modulation can selectively target specific locations and

features of visual stimuli, as demonstrated in the experimental literature [23–26]. This chal-

lenge is particularly complex considering that object representations in higher cortical areas

are largely invariant to changes in the lower-level representation of an object’s location or fea-

tures [27]. In a recent perspective on the modeling of object-based attention [28], a failure to

explain how coarse object representations from high-level cortex effectively modulate lower-

level feature or spatial attention was identified as a critical shortcoming of current approaches.

Our approach is to apply generative modeling to this question. A generative model of per-

ception suggests that the brain constantly attempts to generate percepts consistent with our

hypotheses about the world [29–31], a process referred to as “prediction” in predictive coding

theory [32] or “synthesis” in analysis-by-synthesis theory [30]. Although direct experimental

evidence for these processes in the brain remains limited, various visual phenomena strongly

suggest the involvement of top-down generative or reconstructive processes in shaping human

visual perceptions (e.g., visual imagery, object completion, and pareidolia). We propose a new

model of object recognition that generates an object reconstruction—a visualized prediction

about the possible appearance of an object—and uses it as top-down attention feedback to bias
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feed-forward processing. This model, called Object Reconstruction-guided Attention (ORA),

is based on the fundamental premise that the process of object reconstruction serves as the

underlying mechanism through which high-level object representations are used to recover

specific location and feature information. This enables the model to exert precise top-down

biasing control over both spatial and feature dimensions, a function typically associated with

separate attention systems [28, 33, 34]. Under ORA, top-down biasing occurs by prioritizing

the object features that offer the most accurate interpretation of the retinal input, that is, mini-

mizing the reconstruction error (similar to “explain-away”, [32]). Although promising recent

work has modeled human visual cortical processing using a neural network equipped with a

decoder to reconstruct the input [35–42], no current models use top-down reconstruction

feedback to improve the robustness of object perception and recognition.

ORA fills this gap by providing a new computational model that integrates object recogni-

tion and attention by leveraging object reconstructions to generate top-down attention feed-

back. As part of its novel neural network architecture, the model directs more attention to the

areas and features of the input that align with the current best object reconstruction. This tar-

geted attention effectively enhances otherwise weak bottom-up input signals, thereby reducing

the interference from noise and occlusion and improving recognition performance. In exten-

sive model evaluation, we found that ORA exhibits remarkable robustness as evidenced by its

effective mitigation of noise and occlusion effects when applied to challenging recognition

tasks such as MNIST-C (handwritten digits under corruptions, [43]) and ImageNet-C (real-

world objects under corruptions, [44]). ORA also accounts for behavioral reaction time and

error results that we observed from human participants performing the same tasks, better than

a baseline feed-forward network (e.g., a ResNet; [45]). We hope that ORA’s use of object-cen-

tric representation and reconstruction will provide new insights into the neural mechanism

endowing humans with robust object perception and recognition.

Object Reconstruction-guided Attention

The concept of interactive top-down and bottom-up processing is a central theme in numer-

ous influential cognitive neuroscience and vision theories [18–22, 29, 30, 46]. Among these

theories, our model builds most closely upon Grossberg and Carpenter’s Adaptive Resonance

Theory (ART). ART constructs expected category representations or templates, which it uses

via top-down feedback to inhibit bottom-up features that do not align with these expectations

(referred to as “top-down attentive matching”, [47]). Our model, ORA, advances the fixed cat-

egorical template approach of ART by incorporating a generative mechanism that dynamically

selects the most probable object template based on the input, achieved through object recon-

struction. This approach enables ORA to adaptively adjust its top-down expectations to

accommodate variability in exemplars and noise in the visual input, thereby making it robust.

ORA also demonstrates that top-down attentive biases discussed in the cognitive science litera-

ture, such as object-fitting attentional shrouds [24, 48] and the formation of robust object enti-

ties via attentive feature binding [25, 49], do not require explicit learning. Instead, these biases

may emerge via the active reconstruction and use of hypothesized objects to guide bottom-up

object recognition, as theorized by ORA.

Fig 1 shows how ORA might be implemented in the brain. The retinal image is first pro-

cessed through the ventral stream, which consists of multiple layers of linear and non-linear

filters (e.g., V1, V2, and V4) specialized in extracting the visual features of objects [27]. As

information flows through these layers, neuronal receptive field sizes progressively increase

and responses grow more selective and abstract (depicted by the greenish circles). For our

implementation, we model the ventral stream using a Convolutional Neural Network (CNN)
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incorporating skip connections between retinotopic feature maps [45]. At the top of this hier-

archy is the inferotemporal cortex (IT), where the low-dimensional latent features are encapsu-

lated into separate category-selective slots [50]. In computer vision, this encapsulation of

information is sometimes referred to as a “capsule” [51, 52], although the term that we adopt is

the more recently used “slot” [53, 54]. Note that in cognitive psychology, a slot corresponds to

one “file” of information about an object as theorized by object file theory ([55]; see also the

idea of category-consistent features in [56]). Unlike conventional CNNs and neural networks,

which typically assign a single output neuron to represent each category, these object slots

employ a vector representation in which a set of neurons represents each category and each

neuron within this set encodes meaningful variations along specific feature dimensions of

objects (e.g., scale, thickness, etc). This allows the model to construct robust yet flexible object

representations [51, 57] that maintain selectivity for the distinctive features of objects while

being tolerant to variability in these features, consistent with object file theory [55].

The object features that ORA encodes into its IT slots are then decoded to generate top-

down reconstructions of objects in the visual input. This encoding-decoding process is similar

to an autoencoder architecture [58], where a model first encodes a retinal input to a highly com-

pressed representation and then expands this latent representation through a decoder to recon-

struct the original input. ORA’s decoding process is different in that it iteratively generates

reconstructions (rather than generating only one) and uses the early reconstructions to recover

a representation of retinotopy and to facilitate the binding of object features to specific locations.

ORA decodes an object reconstruction using dedicated feedback connections from an inversely

mirrored CNN [59]. This CNN decoder takes the most activated object slot in ORA’s IT cortex

(measured by the sum of squares of all neural activation within that slot, i.e., vector magnitude),

and sequentially reconstructs the input features using a series of convolutional and unpooling

layers. More details about ORA’s architecture can be found in the Methods.

Fig 1. A potential implementation of ORA in the brain. ORA uses object reconstruction as top-down attention

feedback and iteratively routes the most relevant visual information in successive steps of a feed-forward object

recognition process. This reconstruction-guided attention operates at two levels, 1) Spatial attention: a long-range

projection that spatially constrains attention to the most likely object location and 2) Feature-based attention: more

local feedback that biases feature binding strengths to favor the formation of a better object reconstruction. See main

text for more details.

https://doi.org/10.1371/journal.pcbi.1012159.g001
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ORA relies on a neural network trained with two objectives: accurately classifying an input

and generating its reconstruction. Margin loss [51] was used for classification training. By mini-

mizing this loss, the activation of the target object slot (measured by vector magnitude) is pushed

toward the desired value of 1, while the activation of non-target object slots is suppressed to near

0 (see Methods). We compute reconstruction loss as the mean squared differences in pixel inten-

sities between the input image and the model’s reconstruction. During model evaluation (i.e.,

inference), ORA leverages object reconstructions as top-down attentional templates, selectively

routing the bottom-up processing of features that align with top-down expectations, similar to

ART’s iterative “matching” process [18, 47]. By reconstructing the details of object appearances,

ORA can exert nuanced attention control over various levels of visual features, both spatial and

non-spatial, indicated by the downward arrows in Fig 1. The iterative process of top-down

matching and bottom-up routing in ORA continues until the network stabilizes, determined by

the model’s classification confidence surpassing a predefined threshold. See Section Measuring

ORA’s reaction time of the Methods for details about how this confidence was estimated.

Reconstruction-based spatial masking

Our goal in this study is to show that ORA’s reconstruction-guided feedback can serve two sig-

nificant roles with respect to attention. The first of these is the control of spatial attention. Spa-

tial attention refers to the prioritization of information at a spatial location by filtering or

masking out information from all other locations [23], with the neural expression of this being

enhanced activity at the attended location and inhibition elsewhere. Several experimental stud-

ies have reported that spatial attention can dynamically configure itself to align with an object’s

shape [24, 60–62], and this has even been modeled as object-fitting attentional shrouds [48,

63]. ORA posits that the visual system constructs an attentional shroud around an object by

iteratively comparing a model generated object reconstruction with incoming sensory signals.

This iterative process involves generating a spatial priority mask, a function known to be medi-

ated by the dorsal pathway encompassing posterior parietal cortex (PPC; [64, 65]), which we

implement through simple binary thresholding. The resulting spatial mask is then utilized to

modulate activity in early ventral areas, suppressing neural responses to features outside the

expected object shape. ORA repeated this process until the model’s classification confidence

surpassed a predetermined threshold or until the limit of five forward processing steps was

reached, whichever came first (see Methods for additional details). Fig 2 demonstrates how the

reconstruction-based spatial masking effectively filters out background noise, thereby enhanc-

ing classification accuracy. Initially, ORA hypothesized that the input was the digit 5, but after

filtering out noise using its reconstruction mask the model correctly changed its hypothesis to

a 3, matching the ground truth. On average, ORA’s iterative spatial masking enabled it to suc-

cessfully recover the object’s correct identity on over 90% of the trials when the model started

with an incorrect hypothesis (see S1 Table). Previous research has similarly argued for benefits

from a reconstruction-based masking approach, but in the context of augmenting datasets for

improving the learning of robust visual representations for use in downstream tasks [51, 66].

ORA is different from previous modeling work [35, 67, 68] in that it leverages object recon-

structions learned during training to generate spatial attention masks during inference. These

masks therefore bias model processing to the hypothesized shape of the object.

Reconstruction-based feature binding

A second role of attention served by ORA’s reconstruction-based top-down biasing is the

binding of features into objects [53]. Feature binding refers to the process by which the varied

features of an object are spatially integrated to form a coherent object representation (e.g.,
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horizontal, vertical, and curved lines are bound top-to-bottom to form the digit 5), and this

process is believed to be fundamental to robust object perception and recognition [25, 48, 49].

Recent advances in computer vision demonstrated that training models to reconstruct objects

resulted in robust feature binding enabling the grouping and tracking objects within a scene

[51, 53, 54]. ORA accomplishes feature binding by leveraging an object reconstruction to

determine the features that should be associated with specific objects. Specifically, ORA modu-

lates the weights between the V4 and IT layers, suppressing the binding strength between a fea-

ture and an object if it leads to a poorer reconstruction match to the input (see Methods for

pseudocode). By selectively suppressing information incongruent with ORA’s top-down object

reconstruction, this algorithm progressively refines neural selectivity to converge towards the

most probable object hypothesis, thereby narrowing the population response. ORA’s binding

mechanism is consistent with the information tuning model of feature-based attention [26,

33], and it can be interpreted as a form of biased competition where the bottom-up control for

neural resources (i.e., receptive fields) is biased by a higher-level representation of an object

[69–71]. Fig 3 shows ORA’s binding coefficients (which modulate the original weights between

the V4 and IT layers) sharpening over iterations and becoming more focused on the specific

object features that best match the input. Binding coefficients were updated over three itera-

tions during inference (testing); coefficients were not updated during model training. Avail-

able computing resources required us to limit ORA’s reconstruction-based feedback to only

three iterations, however we observed during piloting that three steps was usually sufficient for

ORA to converge on a classification.

Results

We evaluated ORA in challenging object recognition tasks. First, we compared ORA’s recogni-

tion performance to that of a standard feed-forward CNN using a version of the MNIST data-

set designed to test for effects of occlusions and specific forms of visual noise (MNIST-C;

[43]). Both ORA and the CNN were trained on “clean” handwritten digits and then systemati-

cally tested on each form of corrupted digit. This evaluation revealed that ORA used its

Fig 2. Object reconstructions and generated spatial masks for three forward processing steps (out of a possible

five in total). The spatial mask serves to limit ORA’s attention to the shape of the most likely object. In this example,

the model’s most likely digit hypothesis changed from a 5 to a 3. The groundtruth class is 3.

https://doi.org/10.1371/journal.pcbi.1012159.g002
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reconstruction-based feedback to filter out irrelevant information and this led to greater recog-

nition robustness to the local changes in texture introduced by the corruptions. Second, we

ablated ORA’s spatial masking and feature binding mechanisms and found the former to be

most important for the accuracy of ORA’s predictions and the latter to be most important for

the speed (i.e., number of iterations) that ORA took to make its recognition judgment. Third,

we collected reaction time (RT) data from humans performing the same recognition tasks and

found that, on trials having the longest RTs, ORA also needed more reconstruction-based

feedback before recognizing the corrupted digit. In a fourth analysis we found that ORA and

humans also shared the same pattern of errors (i.e., the same digit confusions). Lastly, we con-

ducted a limited evaluation of ORA’s generalization to natural images by using the ImageNet-

C dataset [44], which consists of various corruptions but now applied to ImageNet objects.

Details about the datasets and experimental procedures can be found in the Methods.

ORA improves recognition performance under visual corruptions

We used the MNIST-C dataset [43] to evaluate the effectiveness of ORA’s reconstruction-

based feedback in improving recognition robustness under visual corruptions. This dataset

Fig 3. Step-wise visualizations of reconstruction-based feature binding. The matrices show binding coefficients between object slots (rows) and

feature slots (columns) for three time steps. The binding coefficients were initialized to one at t = 1, resulting in the dark matrix on the top, but in the

subsequent time steps there is a rapid selective suppression of coefficients (matrix cells becoming lighter) as the model learns the object features leading

to higher reconstruction accuracy. In the illustrated example, the coefficient matrix becomes sparser with each iteration as ORA focuses its attention on

the features of the digit 3 (darker line forming along the fourth row). The middle column of bar graphs show the hypothesis yielding the highest

reconstruction score (in blue), and the rightmost column shows the class likelihood adjusted by the reconstruction score. For clarity, only 5 object slots

and 20 feature slots are illustrated, but the full figure can be found in S1 Fig.

https://doi.org/10.1371/journal.pcbi.1012159.g003
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includes 15 types of corruptions: affine transformation, noise, blur, occlusion, and others (See

S2 Fig for example images of each). We also report results separately on a subset of the dataset

referred to as MNIST-C-shape, which includes those corruptions relating mainly to object

shape. Given ORA’s use of object-centric feedback, we hypothesized that robustness benefits

would be greatest for these shape-specific corruptions. As shown in Table 1, this hypothesis

was largely confirmed. We report results for two types of CNN model backbones used by ORA

to approximate the features extracted by ventral visual brain areas, one a shallow 2-layer CNN

(2 Conv) and the other a deeper 18-layer CNN with skip connections (Resnet-18; [45]). We

also implemented three baseline models for comparative evaluation. Two were CNNs having

the same deep (Resnet-18) or shallow (2 conv) backbones as ORA, but with added fully-con-

nected layers for digit classification. For statistical analyses, we only compared the better per-

forming of the two CNN baselines to ORA, which from Table 1 was the shallower 2 Conv

CNN. We therefore refer to the better-performing 2 Conv baseline as “our CNN” for the

remaining analyses. The third baseline was a CapsNet model [51]. Details about all three base-

lines can be found in the Methods.

The best recognition accuracies on both MNIST-C and MNIST-C-shape were from ORA

with a Resnet-18 encoder. Moreover, during piloting we observed that using only the low-spa-

tial frequencies in the image to generate the object reconstruction was sufficient to produce

recognition robustness comparable to what is achieved with full-resolution object reconstruc-

tion (S2 Table). This shows that effective attention biases can be mediated by low-frequency

neural feedback [21]. ORA outperformed our CNN baseline by a significant margin (t(8) =

7.026, p< 0.001, Cohen’s d = 4.444), particularly excelling on the MNIST-C-shape dataset

where it showed an improvement of over 4.5% (t(8) = 8.617, p< 0.001, Cohen’s d = 5.450).

Despite incorporating object-centric representations for reconstruction (but lacking top-down

attention feedback), the CapsNet model exhibited poor performance compared to ORA or our

CNN baseline, indicating that the addition of reconstruction alone does not translate into

improved accuracy and robustness. ORA was even more accurate than models specifically

designed for generalization, such as CNNs trained using PGD/GAN adversarial noise (S3

Table). Lastly, we observed that increasing the capacity of the encoder from a 2-layer to an

18-layer CNN led to over-fitting by the CNN baseline and a consequent degradation of its

accuracy from 88.94% to 81.94% on MNIST-C. ORA suffered no such degradation and

achieved higher accuracy with the higher capacity encoder.

Fig 4A shows specific comparisons between ORA and our CNN baseline (the second best

model) for each of the corruption types from MNIST-C-shape. For comprehensive results,

refer to S3 Fig. ORA consistently outperforms the CNN baseline and exhibits particularly

strong performance under the fog corruption (t(8) = 5.318, p< 0.001, Cohen’s d = 3.363). As

shown in Fig 4B, on average ORA confidently recognizes corrupted digits in 1.4 steps (mea-

sured as the number of forward processing steps required to reach a confidence threshold; see

Methods). However, it takes significantly longer (more than 2 steps) under the fog corruption,

Table 1. Model comparison results using MNIST-C and MNIST-C-shape datasets. Recognition accuracy (means and standard deviations from 5 trained models, hereaf-

ter referred to as model “runs”) from ORA and two CNN baselines, both of which were trained using identical CNN encoders (one a 2-layer CNN and the other a Resnet-

18), and a CapsNet model following the implementation in [51].

Dataset ORA CNN CapsNet

Resnet-18 2 Conv Resnet-18 2 Conv

MNIST-C 91.84 (0.67) 88.32 (0.34) 81.94 (0.43) 88.94 (0.64) 75.14 (1.00)

MNIST-C-shape 96.24 (0.74) 92.82 (0.90) 86.43 (0.44) 91.80 (0.88) 81.87 (0.55)

https://doi.org/10.1371/journal.pcbi.1012159.t001
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suggesting that top-down attention feedback is particularly helpful in cases of visual corrup-

tions that remove high-spatial frequencies.

Revealing distinct roles of spatial and feature-based attention

ORA uses two types of reconstruction-based feedback, roughly corresponding to spatial and

feature-based attention, and we evaluated their unique contributions by ablating each from the

best performing ORA model (i.e., Resnet-18 encoder) and observing the effect on perfor-

mance. The left panel of Fig 5 shows that ORA’s recognition accuracy stemmed from its ability

to use a generated reconstruction to perform spatial masking. Removing spatial masking led to

a significant drop in performance of over 6% (-Spatial / +Feature; t(8) = 4.682, p-adjust =

0.009, Hedges’ g = 2.674). Ablating the feature binding component did not significantly affect

prediction accuracy (+Spatial / -Feature; t(8) = 0.294, p-adjust = 1.0, Hedges’ g = 0.168), but

Fig 4. Model accuracy and reaction time for specific corruption types from MNIST-C-shape. A: ORA vs our CNN

using each model’s best performing encoder (Resnet-18 and a 2-layer CNN, respectively). B: ORA’s reaction time

(RT), estimated as the number of forward processing steps required to reach a confidence threshold. While many digits

could be recognized in only one feed-forward pass, feedback mechanisms become useful for addressing specific types

of noise, such as fog, or when the identity of the input is notably ambiguous, as demonstrated in S5 Fig. Error bars

indicate standard deviations from 5 different model runs. Asterisks (*) indicate statistical significance at a p-value

of< 0.05.

https://doi.org/10.1371/journal.pcbi.1012159.g004

Fig 5. Results from ablating (-) ORA’s reconstruction-based spatial masking and feature binding components.

Leftmost bars in pink indicate the complete (no ablation) ORA model. Left: Recognition accuracy. Right: reaction

time, approximated by the number of forward processing steps taken to recognize digits with confidence. Error bars

are standard deviations from 5 different model runs. Asterisks (*) indicate statistical significance at a p-value of< 0.05

with Bonferroni corrections.

https://doi.org/10.1371/journal.pcbi.1012159.g005
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this does not mean that it had no effect on performance. As shown in the right panel of Fig 5,

feature-binding ablation instead lead to an increase in ORA’s RT (t(8) = 10.207, p< 0.001,

Cohen’s d = 6.455). Note that we cannot report the corresponding spatial ablation because

ORA’s RT is based on the number of spatial-mask iterations and would therefore always be

zero. These findings suggest that ORA uses spatial and feature-based attention to perform dis-

tinct functional roles. Spatial attention improves recognition accuracy and enhances the neural

signal-to-noise ratio by masking out noise from irrelevant spatial locations. On the other

hand, feature-based attention enhances the overall discriminability of the encoder by suppress-

ing features associated with competing object hypotheses. However, when the ventral encoder

has a lower capacity for discriminability (i.e., the shallower 2-layer CNN), we observed that

reconstruction-based feature binding also significantly influences both ORA’s RT and accu-

racy (S4 Fig). The distinct roles played by feature and spatial attention in ORA’s function are

further supported by the differential impact that each had on the model’s ability to recover

from an initially incorrect hypothesis (S1 Table). On average, spatial attention led to an incor-

rect hypothesis changing to a correct prediction on approximately 6% of these trials, with a

maximum of 40% incorrect-to-correct changes observed for the fog corruption. In contrast,

iterations of feature-binding resulted in hypothesis changes on less than 1% of trials. This sug-

gests that ORA uses feature-binding primarily to increase the efficiency of its recognition of

MNIST-C digits whereas spatial masking is used to modify digit hypotheses and improve rec-

ognition accuracy.

Comparison with human reaction time

As shown in Fig 4B, ORA’s reaction time (RT) behavior changes depending on the difficulty of

the recognition discrimination. The model iteratively generates the object reconstruction that

it hypothesizes is the most plausible explanation of the input and uses it as a spatial mask for

the subsequent feed-forward step. This process repeats until the model achieves a predeter-

mined level of classification confidence measured by the entropy of the class likelihoods (soft-

max output). In the majority of cases, ORA reached the confidence threshold within a single

feed-forward sweep (Fig 4B). However, on trials where the digit is inherently ambiguous or

becomes ambiguous due to noise, ORA alternated between two object hypotheses, resulting in

a longer time required for one to reach the confidence threshold (S5 Fig).

To assess how this RT behavior of ORA compares to human RTs, we conducted a psycho-

physical experiment on humans who were asked to perform the same challenging MNIST-C

recognition tasks (Fig 6A). Participants (N = 146) viewed 480 images of digits and were

instructed to press a keyboard spacebar as soon as they recognized the object in the image.

Viewing time was response terminated and backward masked (see Methods for details). This

RT judgment was followed by a second accuracy check in which participants used the keypad

to enter the recognized digit. Only correct trials were used for the RT analysis. We selected

MNIST-C digits for use as experimental stimuli based on the level of difficulty predicted by

ORA, with our aim being to see whether human RTs will show a similar pattern. Specifically,

we created easy, medium, and difficult conditions consisting of digits taking ORA either 1

step, 2–3 steps, or 4–5 steps to recognize, respectively (Fig 6B, left panel). Fig 6B (right panel)

shows evidence for an alignment between human recognition accuracy and the three difficulty

groups predicted by ORA. Human accuracy was by far the highest in the easy condition (i.e.,

only a single feed-forward step was needed by ORA for accurate model recognition), followed

by the medium (2–3 steps) and difficult (4–5 steps) conditions, with the latter showing the

most errors. The mean human RT was 1130ms (SD = 530ms), with a significant effect of con-

dition difficulty, F(2, 284) = 105.266, p< 0.001, η2 = 0.426. Mean RTs in the difficult condition
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were 1265ms (SD = 649ms), but these decreased to 1170ms (SD = 517ms) in the medium con-

dition and 985ms (SD = 473ms) in the easy condition. Lastly, Fig 6C shows a statistically sig-

nificant positive Pearson correlation between human RTs and ORA’s RTs (r = 0.33,

p< 0.001). This relationship extends our previous analysis of recognition difficulty by suggest-

ing that ORA and humans found individual trials to be similarly difficult.

ORA’s errors and explain-away behavior

To gain a clearer insight into underlying processing mechanisms, here we make a deeper com-

parison between the errors generated by ORA and those from the best-performing CNN from

Table 1. We found that ORA exhibits interesting systematic errors as it tries to explain-away

random noise in the image and reconstruct it into a specific pattern that it has learned. For

Fig 6. Human recognition experiment and results. A: Overview of the behavioral paradigm for measuring recognition reaction

time (first button press) and accuracy (second button press). B: Stimuli were grouped into easy, medium, and difficult levels of

recognition difficulty based on the number of forward processing steps needed for ORA to reach a predetermined recognition

confidence threshold (dashed line; left panel). Colored regions indicate the corresponding standard deviations (SDs) across images.

The unnumbered ticks on the x-axis indicate three local iterations of feature-based attention occurring within each forward

processing (i.e., global spatial-masking iteration). The right panel shows distributions of human accuracy (averaged over

participants) for the three difficulty conditions. C: Correlation between human RT and ORA’s RT, with the normalized marginal

distribution of each variable shown on the top and right panels. Error bars represent standard error estimates bootstrapped from

1000 samples. Correlation plots for all MNIST-C corruption types can be found in S6 Fig.

https://doi.org/10.1371/journal.pcbi.1012159.g006
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example, the model often connects noise speckles to generate a line, as demonstrated in the

first row of Fig 7A, thereby mistakenly reconstructing a digit 9 instead of the ground truth

digit 4. Similarly, ORA occasionally misinterprets zig-zag noise as being part of the digit,

thereby reconstructing a digit 7 instead of the ground truth digit 1 (second row). These types

of interpretable errors were not observed in the CNN baseline.

To determine whether human recognition errors are more aligned with ORA’s or our CNN

baseline, we collected data from 184 participants in a two-alternative forced-choice task. On

each trial, participants were shown a corrupted digit together with two mistaken model predic-

tions, one from ORA and the other from the CNN, and they had to indicate which they

thought would be more plausibly generated by a human (Fig 7B; see Methods for details).

Note that we selected MNIST-C images as stimuli to satisfy two constraints: (1) that both ORA

Fig 7. ORA often hallucinates a non-existing pattern out of noise, and these errors are perceived as more likely by humans

compared to errors made by our CNN baseline. A: Example of ORA’s explain-way behavior and the resulting errors in

classification. B: Two alternative forced choice experimental procedure requiring participants to choose which of two model

predictions, one from ORA and the other from our CNN baseline (but both errors), is the more plausible human interpretation

of the corrupted digit. C: The relative likelihood of ORA’s errors being perceived as more like those from a human, quantified as

an odds ratio (a higher value indicates a more plausible ORA error). Error bars indicate standard errors, and asterisks (*)
indicate odds ratios greater than 1 at a significance level of p< 0.05.

https://doi.org/10.1371/journal.pcbi.1012159.g007
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and our CNN baseline made an error in predicting the ground truth digit, and (2) that these

two model errors differed from each other. To evaluate our data we computed an odds ratio,

which measures the relative perceived likelihood of ORA’s errors compared to the CNN’s

errors. We found that this ratio was consistently greater than 1 (with 1 indicating equally

likely) for every type of corruption (Fig 7C). This was particularly true for the fog corruption,

where ORA’s errors were rated twice as likely than those made by the CNN baseline (t(19) =

2.61, p = 0.02, cohen’s d = 0.58, testing against being > 1). Interestingly, the fog corruption

type is also where ORA exhibited the highest performance advantage over the CNN (Fig 4).

These results suggest that humans find ORA’s errors to be plausible, at least more so than

errors from our CNN baseline.

Generalization to natural images

We evaluated whether ORA’s reconstruction-based feedback mechanism, shown to be benefi-

cial for digit recognition, would generalize to more complex images of natural objects. We did

this using the ImageNet-C dataset [44], which is similar to MNIST-C but with visual corrup-

tions applied to ImageNet objects [72]. For model training we used a dataset called 16-class

ImageNet [73], which was developed to teach models a more human-like semantic structure

by selecting from ImageNet a more comparable set of 16 basic-level categories (see Methods

for the list of categories). To accommodate the complex backgrounds upon which objects

appear in ImageNet images, we incorporated a recent segmentation model [74] to estimate the

ground-truth object boundaries, then trained the model to reconstruct only the pixels within

the object segments. The resulting object reconstructions capture coarse representations of

object shape, missing texture detail (see S7 Fig).

Despite the coarseness of the generated reconstructions, their use as feedback provided suf-

ficient spatial masking to significantly improve recognition performance. Fig 8 reports model

recognition accuracy (y-axes) for five increasing levels of corruption (x-axes) from the Ima-

geNet-C dataset. We compared ORA’s performance to a CNN baseline model, now a ResNet-

50 trained to recognize ImageNet objects. ORA’s feed-forward ventral process was approxi-

mated by the identical ResNet-50 (see Methods). Due to limitations in computational

resources, we were able to conduct only a single training for each model (i.e., no error bars).

Still, a clear pattern emerged. Although both models exhibit similarly accurate recognition at

low corruption levels, at higher levels ORA is more robust on several types (on average > 7%

than the CNN baseline without reconstruction feedback; S8 Fig). The most notable benefits

are observed with noise corruptions (top row), where accuracy increased for Gaussian noise

by up to 35%. For some types of blur, the CNN baseline performed as well as ORA or slightly

better, with the CNN working best for a pixelation corruption (bottom-right). These effects,

however, are generally not as large as the improvements achieved by ORA (see S8 Fig for more

results).

Discussion

By whatever name is preferred, our common visual experience suggests that top-down, genera-

tive or reconstructive processes play a significant role in creating our visual perceptions. This

is evident in phenomena such as visual imagery, object completion, and pareidolia. However,

there are still open questions regarding why we have this ability to reconstruct objects and

what functional role it plays in shaping our percepts [75–77]. Through a combination of

computational modeling and behavioral experiments, we demonstrate that object reconstruc-

tion can serve as a mechanism for generating an effective top-down attentional template that

can bias bottom-up processing to support challenging object recognition tasks. We
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implemented a neural network model of Object Reconstruction-guided Attention (ORA) that

uses an autoencoder-like architecture [51, 58]. ORA consists of an encoder that encodes the

visual input into low-dimensional object-centric representations and a decoder that recon-

structs objects from these representations. These object reconstructions are generated itera-

tively, enabling their use in routing the most relevant spatial and feature information to feed-

forward object recognition processes. We found that ORA is highly robust in recognizing dig-

its under a wide range of corruptions, outperforming other feed-forward model baselines.

Theoretically, the functions performed by ORA’s reconstruction-based attention mechanism

are similar to functions performed by spatial and feature-based attention [25, 48]. Empirically,

we demonstrated that ORA is more predictive of human RTs and error patterns in recognition

tasks compared to our CNN baselines. Lastly, we showed that the benefits of ORA’s recon-

struction-based attention mechanisms generalize to recognition tasks using natural objects,

with larger benefits observed in more challenging recognition tasks.

ORA shares many parallels with other influential cognitive neuroscience theories, including

Mumford’s pattern theory [78], Bar’s top-down prediction model [21], and other modeling

approaches relying on interacting top-down and bottom-up processes [18–20, 29, 30, 46].

Among these models, ORA builds most closely on adaptive resonance theory (ART; [18]).

Both ORA and ART employ top-down templates to identify matches within bottom-up sig-

nals, selectively routing features that conform to these top-down expectations. However, a key

difference lies in the formulation of the top-down templates. In ART, these templates are

Fig 8. Model performance on the ImageNet-C dataset. Classification accuracy on the y-axes and level of corruption

on the x-axes. ORA often demonstrates a clear advantage over the CNN baseline (ResNet-50), particularly with high

levels of noise corruption.

https://doi.org/10.1371/journal.pcbi.1012159.g008
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categorical and similar to prototypical representations of a given category [79]. In contrast,

ORA creates a top-down template from the visual input by using its generative attention mech-

anism to reconstruct an object category. It combines an autoencoder-like architecture with

object-centric feature encapsulations to generate individualized top-down templates that are

reconstructions from the individual image inputs, thus allowing for instance-specific features

to be incorporated into categorical templates. This capability enables ORA to make detailed

predictions about hypothesized objects and to facilitate precise attention control over low-level

features—a critical missing link in the modeling of object-based attention [28]. ORA’s iterative

and reconstruction-guided attention control over low-level features enables it to adjust its con-

fidence in hypotheses, correct its errors, and explore alternative hypotheses without needing

explicit “resets” or relying on memory-based inhibition, as implemented in ART.

One question not answered by our current work is how completely an object must be

reconstructed in order to serve as an effective attentional template. Our finding that even low-

resolution object reconstructions are sufficient to generate attentional biases and performance

benefits align with previous studies showing that the brain initially processes low spatial fre-

quency information about objects for the purpose of generating top-down feedback signals for

guiding the bottom-up processing of finer-grained details [21, 80, 81]. However, effects of fea-

ture-based attention are also found in a range of specific low-level features (e.g., color, orienta-

tion, etc, [82]), making further computational experiments needed to determine whether

optimization of the information and level of object reconstruction might yield even greater

performance benefits. Relatedly, although ORA’s current high compression rate limited its

ability to reconstruct fine-grained object detail, it may be possible to address this limitation by

exploiting recent advancements in decoder architecture and composition-based methods in

the computer vision literature to generate reconstructions of varying kind and quality [83, 84].

These questions, and broader questions regarding the biological plausibility of a reconstruc-

tion-based modeling approach, would benefit by additional study of the neural mechanisms

underlying representation generation and object reconstruction in the brain. Studies on visual

imagery have shown substantial overlap in neural processing between perception and mental

imagery [77, 85], and more comparisons revealing similarities and differences between pat-

terns of brain activity evoked by seen images and imagined images could provide valuable

insights into the nature of the reconstruction process.

ORA has close theoretical ties to object-based attention mechanisms in that it uses object-

centric representations (i.e., slots) to create top-down attentional biases [28, 86–88]. However,

while theories and models of object-based attention [89, 90] have focused on the low-level

grouping mechanisms responsible for combining visual elements into object parts and com-

plete objects (e.g., gestalt rules; [91]), our generative approach highlights the role of top-down

feedback in the creation of object entities. Specifically, we showed how top-down object-based

feedback can mediate the selective binding of features and locations into objects, thereby

implementing a form of object-based attention by integrating spatial and feature-based atten-

tive processes [34, 92, 93]. ORA accomplishes this by using top-down generative feedback to

produce the most plausible object appearance given a visual input; it selects image locations

and features that align most closely with the reconstructed object, a process biasing low-level

neural responses to accurately reconstruct the input object. This fills a gap in the modeling of

object-based attention by providing a mechanistic explanation of how high-level top-down

expectations, such as object representations in the inferotemporal cortex (IT), can modulate

low-level bottom-up visual features [28].

Object-based attention has been studied using tasks ranging from object recognition to

grouping to multiple-object tracking [88, 90, 94]. Our study focused on object recognition

under conditions of occlusion and noise, making our work more aligned with the use of
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object-based attention to create robust object entities (e.g., basic feature binding and grouping

processes; [25, 49]) and less aligned with work emphasizing the operations performed on these

entities and their limitations (e.g., multi-object tracking). Given the wide range of ways that

researchers have conceptualized object-based attention, an important future direction will be

to extend ORA and its evaluation to object-based attention tasks involving multiple objects.

One potential area of investigation is perceptual grouping, which involves segregating an

object of interest from other overlapping objects or a complex background. In our preliminary

work on this question, shown in S9 Fig, we found that ORA is showing promising results in

segregating overlapping digits. This means that ORA has the potential to demonstrate classic

effects of object-based attention, such as an ability to attend selectively to spatially overlapping

faces or houses [94, 95]. Another interesting direction will be to apply ORA to the creation and

maintenance of multiple objects in a scene over time and space. This task will require the

model to maintain feature bindings for different objects and update these bindings as the

objects’ locations and appearances change over time, an essential step in extending ORA to

multiple-object tracking. Such an extension would likely lead the use of dynamic slot represen-

tations and potentially reveal higher-level relationships between attention control and its mod-

ulation by short-term memory [71] or visual pointers [96].

Our study has broad implications for the fields of behavioral vision science and computer

vision. While there is still only limited empirical evidence for the use of generative processes in

vision [76, 97], there is growing interest in capturing the robustness of human perception by

modeling it as a reconstructive process [35–42]. A reconstruction framework offers the poten-

tial to unify our understanding of top-down cognitive processes, including attention biases

[28], memory retrieval [39], hypothesis testing [21], and mental imagery [77]. We also hope

that our work will inspire the development of novel computational architectures in computer

vision. Methods that train models to reconstruct objects have been shown to enhance generali-

zation performance [54, 98], but this approach has primarily been explored in the context of

pretraining or incorporating auxiliary loss [51, 66]. Our work is the first to show that a recon-

struction approach can effectively model attentional biases during inference, which had been

an open research question [99].

In summary, our study demonstrates that the attentive reconstruction of objects can serve

as a plausible neural mechanism for achieving robust object perception and recognition. We

model this mechanism as ORA, which uses object reconstruction as a top-down attention bias

to focus bottom-up processing on information relevant to what it considers to be the most

plausible (i.e., recognizable) object shape in the visual input. This object reconstruction-based

mechanism unifies space-based and feature-based modes of attention into one computational

attention system.

Materials and methods

Ethics statement

This study was approved by the Stony Brook University Institutional Review Board, and writ-

ten consent was obtained from all participants.

ORA implementation

For ORA’s encoder, which models the ventral stream, we used different pytorch implementa-

tions of feedforward CNNs: one a shallow 2-layer CNN (https://github.com/pytorch/

examples/blob/main/mnist/main.py; 2 Conv) and a deeper CNN (https://github.com/pytorch/

vision/blob/main/torchvision/models/resnet.py) with skip connections (Resnet with 18 and 50

layers for the MNIST-C and ImageNet-C tasks, respectively; [45]). For ORA’s decoder we used
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three fully-connected dense layers to reconstruct the MNIST image and an inversely mirrored

Resnet to reconstruct the ImageNet images. As in the original CapsNet model [51], we used a

vector implementation of object and feature slots, where the length of each slot vector repre-

sents the presence of an object class in the image. To make this value range from 0 to 1 (i.e., 0

for absence and 1 for presence), we used the following nonlinear squash function. We also pro-

vide specification details for object slot representations [51] and the total number of trainable

parameters in Table 2.

ojt ¼
kvjtk

2

1þ kvjtk
2

vjt
kvjtk

ð1Þ

Loss function

ORA outputs both object slot activations and image reconstructions, and the losses for each

output are computed and combined using a weighting parameter of λrecon = 0.392, Eq (2). For

classification, we used margin loss [51] to match the object slot activations to the ground truth,

Eq (3). The first term of the loss is active only when the target object is present (Tj> 0), and

minimizing this term pushes the object slot activation (measured by the vector magnitude

kojk) to be closer to 1, with a small margin (m). The second term applies only when the target

object is absent, and minimizing this term pushes the predicted object slot activation below

the small margin (m).

Total Loss ¼
X

j2class

Class Lossj þ lreconRecon Loss ð2Þ

Class Lossj ¼
Tj �maxð0; ðTj � mÞ � kojkÞ

2
; if Tj > 0

maxð0; kojk � mÞ2; if Tj ¼ 0

8
<

:
ð3Þ

Baseline implementation

The CNN baselines consist of the same encoders used for ORA (See Section ORA implementa-

tion) followed by two fully connected layers for classification readout. The readout layers are

trained using the dropout technique for regularization [100]. Negative Log Likelihood loss is

computed on the log softmax output for classification. The total number of model parameters

are: 1,199,882 for the 2-layer CNN baseline, 2,803,882 for the ResNet-18 baseline in the

MNIST-C experiment, and 23,540,816 for the ResNet-50 baseline in the ImageNet experiment.

Table 2. Model details.

for MNIST-C task for ImageNet-C task

Encoder type 2 Conv Resnet-18 Resnet-50

Num of feature slots 1152 288 3136

Feature slot dimension 8 8 8

Num of object slots 10 10 16

Object slot dimension 16 16 49

Total number of parameters 2,904,720 4,581,296 67,116,160

https://doi.org/10.1371/journal.pcbi.1012159.t002
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Performance for the other baselines reported in S3 Table are taken from the original bench-

marking paper [43].

Training details

Both ORA and our CNN baselines were trained and validated on clean images (MNIST, [101]

for a digit recognition task; ImageNet, [72] for a natural object recognition task) and tested

using a separate dataset containing unseen images subjected to various types of corruptions

(MNIST-C, [43] for a digit recognition task; ImageNet-C, [44] for a natural object recognition

task). These separate training and testing datasets ensure that models are evaluated on their

ability to generalize their learned object representations to previously unseen exemplars and

types of corruption, a challenge commonly known as the out-of-distribution problem in com-

puter vision [7]. All model parameters were updated using Adam optimization [102] with a

mini-batch size of 128 for the MNIST-C experiment and 32 for the ImageNet-C experiment.

For the MNIST-C experiment, we used the exponentially decaying learning rate by a factor of

0.96 at the end of each training epoch, starting from 0.1. Similarly, for the ImageNet-C experi-

ment, the learning rate followed the same exponential decay pattern, but with a starting value

of 0.0001. Model training was terminated based on the results from the validation dataset (10%

of randomly selected training dataset) and was stopped early if there was no improvement in

the validation accuracy after 20 epochs. Models were implemented in the PyTorch framework

and trained on a single GPU using a NVIDIA GeForce RTX 3090 (24 GB) for the MNIST-C

experiment and a RTX A6000 (48 GB) for the ImageNet-C experiment.

Measuring ORA’s reaction time

ORA’s processing is limited to five forward processing steps, each followed by reconstruction-

based spatial attention feedback (i.e., global spatial masking iteration). However, the model

typically did not need all five of these forward processing steps in order to confidently recog-

nize an object, and the number of steps actually taken by the model to reach a classification

threshold is ORA’s RT. This threshold is measured by entropy over the softmax distribution of

class likelihoods, similar to the method used in [103], and we chose an entropy threshold of 0.6

based on a grid search. If this threshold is not reached within the five forward processing steps,

we use the prediction from the final time step for classification.

Spatial masking methods

In each forward processing step, the model generates a reconstruction-guided spatial mask

based on the most likely object reconstruction. To create this mask, we simply apply a thresh-

old to the reconstructed pixel values. We used thresholds of 0.1 for MNIST images and 0.05

for ImageNet images, where the pixel intensities in both range from 0 to 1. This thresholding

process creates a boolean mask where pixels with values below the threshold are assigned 0

and pixels with values above the threshold are assigned 1. The masked input for the next for-

ward processing step is obtained by element-wise multiplication of the reconstruction with the

boolean mask. The non-zero areas of the masked input are normalized using MaxMin normal-

ization, Eq (4), when p corresponds to the reconstructed pixel value at image coordinates i and

j). For ImageNet images, the RGB reconstructed images are first converted to grayscale before
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applying the thresholding and normalization processes.

pij ¼ lbþ ðub � lbÞ
pij � minðpijÞ

maxðpijÞ � minðpijÞ
ð4Þ

Feature binding algorithm

ORA’s reconstruction-guided feature binding process computes coefficients to dynamically

modulate weights between features and objects. These coefficients, denoted as Cij, are com-

puted iteratively over three local iterations occurring within each forward processing step (i.e.,

global spatial masking iteration). We update the original weights by multiplying them by the

final coefficients, Cij �Wij. In the original CapsNet model [51], these binding coefficients are

modulated based on representational similarity, which is calculated as the dot product between

the features and objects (Line 6 in the Algorithm 1). In our model, we also adjust these binding

coefficients to suppress the features that are connected to objects having high reconstruction

error. By suppressing the features leading to inaccurate object reconstructions, those features

that are most selective to the hypothesized object become bound. All coefficients are normal-

ized over objects using MaxMin normalization like Eq (4).

Algorithm 1 Reconstruction-guided Feature Binding
1: initialize for all object j and feature i:
2: Binding coefficients cij  1
3: Feature similarity score bij  0
4: Reconstruction score coefficients rij  0
5: while feature binding iteration t = 1, 2, 3 do
6: For all object j: f̂ jji  Wijfi

7: For all object j: ojt  squashð
P

ic
ij
t f̂

jjiÞ ⊳ Eq (1)
8: For all object j and feature i: bijt  bijt þ f̂

jji � ojt
9: bijt  maxðmaxminðbij

t ;dim ¼ jÞ;0:5Þ ⊳ Eq (4)
10: For all object j: reconstructionj

t  DecoderðojtÞ
11: For all object j: rj

t  � MSEðimage
j;reconstructionj

tÞ

12: For all feature i: rijt  Repeatðrj
tÞ

13: rij
t  maxðmaxminðrij

t ;dim ¼ jÞ;0:5Þ ⊳ Eq (4)
14: cijt  bijt � r

ij
t

15: end while
16: For all object j: oj  squashð

P
ic

ijf̂jjiÞ

16-Class-ImageNet training dataset

The original Imagenet dataset includes 1,000 subordinate-level labels. These include 120 differ-

ent dog breeds, which results in a semantic structure that is highly atypical compared to that of

an average person [104] that may influence model performance. To address this problem, we

also trained ORA using 16-class-ImageNet, a subset of ImageNet that groups its 1000 fine-

grained classes into 16 basic-level categories: airplane, bicycle, boat, car, chair, dog, keyboard,

oven, bear, bird, bottle, cat, clock, elephant, knife, and truck [7, 73].

Behavioral methods for the MNIST-C recognition experiment

Participants. A total of 143 Stony Brook University undergraduates, self-identified as 94

women, 47 men, and 2 non-binary individuals, participated in the experiment for course

credit. This sample size was determined based on an a priori power analysis using G*Power

[105], which indicated that a minimum of 28 participants would be sufficient for a repeated-
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measures ANOVA to detect a medium effect size with a power of .80 at a significance level of

α = .05. This estimate is based on each participant viewing a 96 image subset of the 480 total

testing images (see Stimuli and Apparatus), a design choice motivated by a desire to avoid par-

ticipant fatigue and to maintain their engagement in the task. Participants all had normal or

corrected to normal vision, by self report.

Stimuli and apparatus. Stimuli consisted of 480 images from the MNIST-C testing data-

set [43], 60 images for each of the 8 corruption types in MNIST-C-shape. Images were divided

into 5 sets of 96 images, where each participant viewed a 96 image set. To experimentally test

ORA’s RTs we selected the images used for behavioral testing based on the RT predicted by

the model. Specifically, for each corruption type we selected 20 images by randomly sampling

from 3 different model RT conditions: short (1 step), medium (2–3 step), and long (4–5 step).

Note that all images were correctly classified by the model, meaning that this manipulation is

targeted to the number of forward processing steps needed by ORA to recognize an object.

Selected images were presented on a 19-inch flat-screen CRT ViewSonic SVGA monitor at a

screen resolution of 1024 × 768 pixels and a refresh rate of 100 Hz. Participants were seated

approximately 70 cm from the monitor and at this viewing distance the image height sub-

tended approximately 8˚ of a visual angle. Space bar responses were made with the partici-

pant’s dominant hand using a standard computer keyboard.

Procedure. Participants were instructed that they would see a series of centrally presented

digits, ranging from 0 to 9, and that they should press the space bar as soon as they recognized

the digit class. However, the task emphasized accuracy as well as speed. Participants were

instructed to make their key press when they felt confident in their answer, although a

reminder was provided if the response was too slow (> 5 sec). Upon pressing the space bar,

the original stimuli was masked by a randomly generated pixel image and participants were

asked as part of a secondary judgment to report the digit that they recognized by pressing the

digit on the numeric keypad. At the start of each trial a central cross appeared immediately

prior to stimuli presentation (500 ms), and feedback was provided at the end of each trial on

the accuracy of the digit recognition response (10 alternative forced choice). Each participant

viewed 96 images, 4 images × 3 model RT conditions × 8 corruption types. Ten practice trials

were provided before the experiment so that participants could familiarize themselves with the

task. The order of presentation of the images was randomized over participants.

Behavioral methods for the MNIST-C error likelihood rating experiment

Participants. A total of 184 undergraduate students from Stony Brook University, self-

identified as 120 women, 61 men, and 3 non-binary individuals, participated in the experiment

for course credit. Sample size was determined based on an a priori power analysis using

G*Power [105], which indicated that a minimum of 41 participants per stimulus set (4 stimu-

lus sets in total) would be sufficient for a paired t-test to detect a medium effect size with a

power of .80 at a α = .05 level of significance. All participants had normal or corrected to nor-

mal vision, by self report.

Stimuli and apparatus. Stimuli consisted of 120 images selected from the MNIST-C test-

ing dataset [43], 20 images per corruption type, to satisfy the experimental constraint of having

competing models make different errors to a stimulus. These ambiguous images were divided

into 4 separate sets, with each set containing 30 images. Only six corruption types from the

eight MNIST-C-shape categories were used because the number of images meeting the experi-

mental constraint (i.e., different errors) were too few for analysis in the dotted-line and spatter

corruption conditions. The stimuli image spanned 40% of their screen size in height. All

responses were made with a computer mouse or trackpad.

PLOS COMPUTATIONAL BIOLOGY Object reconstruction-guided attention

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012159 June 13, 2024 20 / 28

https://doi.org/10.1371/journal.pcbi.1012159


Procedure. Participants accessed the rating experiment remotely using their desktop

devices. On each trial, a single corrupted digit was presented at a size of 40% of the vertical

screen dimension. Below this stimulus were the two model predictions, horizontally separated

(the location was randomized), and participants were instructed to rate which of the two

would be more plausibly made by a person (two alternative forced choice; see Fig 7B). A

response was required on each trial and participants were not allowed to skip images, although

they could change their answers anytime before proceeding to the next trial (which they initi-

ated by clicking a “Next” button). Three practice trials were provided before the experiment so

that participants would familiarize themselves with the task and interface. Each participant

viewed 30 images. The order of presentation of the images was randomized over participants.

Supporting information

S1 Table. Percentage of changes in ORA’s class prediction during spatial masking and fea-

ture binding iterations.

(EPS)

S2 Table. Results from manipulating the spatial frequencies used for image reconstruction.

To test how reconstruction efficacy is effected by spatial frequency, we manipulated the spatial

frequencies of the visual input that ORA used to generate its reconstructions. we trained differ-

ent models to reconstruct different spatial frequency components of the input (e.g., generating

a low spatial frequency reconstruction of the original full spectrum image) and then tested

them to evaluate the effect of spatial frequency on model performance. We extracted different

spatial frequency information from the input using a broadband Gaussian filter with cutoff fre-

quencies below 6 cycles per image and above 30 cycles per image for generating low and high

spatial frequency images, respectively. As shown below, we found that the use of a low-resolu-

tion object reconstruction yields comparable performance to a model trained with the full

spectrum. The figure on the left shows samples of reconstructions from full-spectrum images

(top) and images filtered for low (middle) and high (bottom) spatial frequencies. The table on

the right shows the average performance of models trained to reconstruct either full-spectrum

(FS), low-spatial frequency (LSF), or high-spatial frequency (HSF) images. Values in parenthe-

ses indicate standard deviations from 5 model runs.

(EPS)

S3 Table. Model performance comparison. Extended model comparison. Average perfor-

mance and standard deviations from 5 model runs are reported for ORA, CNN, and CapsNet

models that we trained for this study (see text for details). Best model performance for the

other baselines are taken from [43]. ABS: a generative model [106]. PGD1: a CNN trained

against PGD adversarial noise [107]. PGD2/GAN: another CNN trained against PGD/GAN

adversarial noise [108].

(EPS)

S1 Fig. Step-wise visualization of reconstruction-guided feature binding process. The left

column of the figure below shows binding coefficient matrices between all 10 of the possible

digit categories (rows) and the first 40 feature slots (columns) at each of the 3 feature binding

iterations. Binding coefficients are initially unweighted (step 1, top) but those object features

leading to greater reconstruction error become suppressed (become lighter) over iterations,

resulting in the feature binding coefficients focusing on the object features that best match the

input (middle and bottom matrices). The nine bar plots in the right of the figure illustrate the

effect of reconstruction-guided feature binding on ORA’s digit classifications. The leftmost

three plots show the raw likelihood of classification for each of the 10 object slots at the start of
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each time step (i.e., before the application of reconstruction-guided feature binding). The mid-

dle three plots show reconstruction scores (inverse of reconstruction error) at each step, and

the rightmost three plots show the updated class likelihood after reconstruction-guided feature

binding is applied (i.e., the two are multiplied). Best viewed with zoom in PDF.

(EPS)

S2 Fig. MNIST-C dataset examples.

(EPS)

S3 Fig. Model comparison on all MNIST-C corruption types. Average model accuracy and

reaction time for all of the MNIST-C corruption types. A: ORA and CNN accuracy using each

model’s best performing encoder (Resnet-18 and a 2-layer CNN, respectively). B: ORA’s reac-

tion time (RT), estimated as the number of forward processing steps required to reach a confi-

dence threshold. Error bars indicate the standard deviations from 5 different runs.

(EPS)

S4 Fig. Ablation studies on ORA with 2 Convolutional encoder. Results from ablating

ORA’s reconstruction-based spatial masking and feature binding components. Ablated com-

ponents are indicated by a—symbol, none ablated components are indicated by a +. Leftmost

bars in pink indicate the complete (no ablation) ORA model. Left: Recognition accuracy.

Right: reaction time, approximated by the number of forward processing steps taken to recog-

nize digits with confidence. Error bars are standard deviations from 5 different runs.

(EPS)

S5 Fig. ORA’s behavior on an ambiguous stimulus. The figure below shows ORA taking lon-

ger to converge on a single digit hypothesis when the input is ambiguous. On the top is the

input image, which could be plausibly interpreted as either the digit 3 or the digit 5. On the

bottom are reconstructions hypothesized for all 10 digits, with the respective classification (C)

and reconstruction (R) scores below each. ORA’s most likely object hypothesis (with the high-

est class likelihood) at each step is indicated by the red square. Note that ORA’s best guess

about this object vacillates between the 3 and 5 hypotheses over time steps. The ground truth

for this image is the digit 3.

(EPS)

S6 Fig. Correlations between human and ORA reaction times for all MNIST-C corruption

types.

(EPS)

S7 Fig. Examples of ORA reconstructions and spatial masks from Imagenet-C.

(EPS)

S8 Fig. Model comparison for all ImageNet-C corruption types.

(EPS)

S9 Fig. Applying ORA to an overlapping-object recognition task. To apply ORA to an over-

lapping-digit recognition task we generated the MultiMNIST dataset as described in [51],

where each image consists of two MNIST digits overlapped, randomly shifted 1–4 pixels hori-

zontally and vertically in opposite directions. The resulting images are 36 × 36 pixels, with an

average 70% overlap between digit bounding boxes. A total of 10,000 images were randomly

selected from the MNIST testing dataset for model evaluation. The figure shows a representa-

tive overlapping-digit stimulus and model outputs illustrating how ORA can solve the overlap-

ping-digit task. The ORA model utilized in this demonstration is identical to the one

presented in our paper, meaning it was trained for single-digit recognition and reconstruction,
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and we performed no additional hyperparameter tuning. The only change that we made in our

application of ORA to overlapping-digit recognition was algorithmic; once the model recog-

nizes a first digit with sufficient certainty (using an entropy threshold of 1.0 as a measure of

confidence), it proceeds to identify the next digit. It does this by expanding its spatial mask

and focusing on the input signals that remain unexplained by first digit recognition. This

approach therefore allows the model to sequentially attend to individual overlapping objects,

effectively segregating and recognizing each one after the other, which parallels the seriality

observed in human recognition [109, 110]. In the illustrated example, the ground truth con-

sists of the digits 8 and 4 overlapped. ORA initially identifies the digit 8 before shifting its

attention to 4, repeating this process until the confidence threshold is achieved. Using its

sequential object attention mechanism, ORA outperforms the best-performing CNN baseline,

a ResNet-18 (a shallower 2-layer CNN performed poorly on this task). Prediction accuracy

was measured using two metrics: image-level accuracy, where the response is considered cor-

rect only if both objects in an image are identified accurately, and object-level accuracy, which

reflects the average number of objects recognized (0.5 indicates one of two objects are recog-

nized, while 1.0 indicates both objects are recognized). ORA’s predictions are generated from

the first two digits recognized with high confidence within a maximum of 10 forward itera-

tions. The CNN baseline generated predictions using the top 2 most activated class outputs.

Although there is room for improvement, this initial application of ORA to overlapping digits

is already beating a strong baseline recognition model.

(EPS)

Author Contributions

Conceptualization: Seoyoung Ahn, Hossein Adeli, Gregory J. Zelinsky.

Data curation: Seoyoung Ahn.

Formal analysis: Seoyoung Ahn.

Funding acquisition: Seoyoung Ahn, Gregory J. Zelinsky.

Investigation: Seoyoung Ahn.

Methodology: Seoyoung Ahn, Hossein Adeli.

Project administration: Gregory J. Zelinsky.

Resources: Gregory J. Zelinsky.

Software: Gregory J. Zelinsky.

Supervision: Gregory J. Zelinsky.

Validation: Seoyoung Ahn, Hossein Adeli, Gregory J. Zelinsky.

Visualization: Seoyoung Ahn, Hossein Adeli.

Writing – original draft: Seoyoung Ahn, Hossein Adeli, Gregory J. Zelinsky.

Writing – review & editing: Seoyoung Ahn, Hossein Adeli, Gregory J. Zelinsky.

References
1. Vogels R, Biederman I. Effects of Illumination Intensity and Direction on Object Coding in Macaque

Inferior Temporal Cortex. Cerebral Cortex. 2002; 12(7):756–766. https://doi.org/10.1093/cercor/12.7.

756 PMID: 12050087

PLOS COMPUTATIONAL BIOLOGY Object reconstruction-guided attention

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012159 June 13, 2024 23 / 28

https://doi.org/10.1093/cercor/12.7.756
https://doi.org/10.1093/cercor/12.7.756
http://www.ncbi.nlm.nih.gov/pubmed/12050087
https://doi.org/10.1371/journal.pcbi.1012159


2. Avidan G, Harel M, Hendler T, Ben-Bashat D, Zohary E, Malach R. Contrast Sensitivity in Human

Visual Areas and Its Relationship to Object Recognition. Journal of Neurophysiology. 2002; 87

(6):3102–3116. https://doi.org/10.1152/jn.2002.87.6.3102 PMID: 12037211

3. Cadieu CF, Hong H, Yamins DL, Pinto N, Ardila D, Solomon EA, et al. Deep Neural Networks Rival the

Representation of Primate IT Cortex for Core Visual Object Recognition. PLOS Computational Biol-

ogy. 2014; 10(12):e1003963. https://doi.org/10.1371/journal.pcbi.1003963 PMID: 25521294

4. Cichy RM, Khosla A, Pantazis D, Torralba A, Oliva A. Comparison of Deep Neural Networks to Spatio-

Temporal Cortical Dynamics of Human Visual Object Recognition Reveals Hierarchical Correspon-

dence. Scientific Reports. 2016; 6. https://doi.org/10.1038/srep27755 PMID: 27282108

5. Kriegeskorte N. Deep Neural Networks: A New Framework for Modeling Biological Vision and Brain

Information Processing. Annual Review of Vision Science. 2015; 1:417–446. https://doi.org/10.1146/

annurev-vision-082114-035447 PMID: 28532370

6. Schrimpf M, Kubilius J, Lee MJ, Ratan Murty NA, Ajemian R, DiCarlo JJ. Integrative Benchmarking to

Advance Neurally Mechanistic Models of Human Intelligence. Neuron. 2020; 108(3):413–423. https://

doi.org/10.1016/j.neuron.2020.07.040 PMID: 32918861

7. Geirhos R, Narayanappa K, Mitzkus B, Thieringer T, Bethge M, Wichmann FA, et al. Partial Success

in Closing the Gap between Human and Machine Vision. Advances in Neural Information Processing

Systems. 2021; 34:23885–23899.

8. Szegedy C, Zaremba W, Sutskever I, Bruna J, Erhan D, Goodfellow I, et al. Intriguing Properties of

Neural Networks. arXiv:13126199. 2013;.

9. Dodge S, Karam L. A Study and Comparison of Human and Deep Learning Recognition Performance

under Visual Distortions. In: International Conference on Computer Communication and Networks

(ICCCN); 2017. p. 1–7.

10. Baker N, Lu H, Erlikhman G, Kellman PJ. Deep Convolutional Networks Do Not Classify Based on

Global Object Shape. PLOS Computational Biology. 2018; 14(12):e1006613. https://doi.org/10.1371/

journal.pcbi.1006613 PMID: 30532273

11. Geirhos R, Rubisch P, Michaelis C, Bethge M, Wichmann FA, Brendel W. ImageNet-trained CNNs

Are Biased towards Texture; Increasing Shape Bias Improves Accuracy and Robustness. In: Interna-

tional Conference on Learning Representations; 2018.

12. Biederman I. Recognition-by-Components: A Theory of Human Image Understanding. Psychological

Review. 1987; 94(2):115. https://doi.org/10.1037/0033-295X.94.2.115 PMID: 3575582

13. Tarr MJ, Pinker S. When Does Human Object Recognition Use a Viewer-Centered Reference

Frame? Psychological Science. 1990; 1(4):253–256. https://doi.org/10.1111/j.1467-9280.1990.

tb00209.x

14. Plaut DC, Farah MJ. Visual Object Representation: Interpreting Neurophysiological Data within a

Computational Framework. Journal of Cognitive Neuroscience. 1990; 2(4):320–343. https://doi.org/

10.1162/jocn.1990.2.4.320 PMID: 23964758

15. Rolls ET. Brain Mechanisms for Invariant Visual Recognition and Learning. Behavioural Processes.

1994; 33(1-2):113–138. https://doi.org/10.1016/0376-6357(94)90062-0 PMID: 24925242

16. Marr D. Vision: A Computational Investigation into the Human Representation and Processing of

Visual Information. W. H. Freeman and Company; 1982.

17. Ullman S. Aligning Pictorial Descriptions: An Approach to Object Recognition. Cognition. 1989; 32

(3):193–254. https://doi.org/10.1016/0010-0277(89)90036-X PMID: 2752709

18. Carpenter GA, Grossberg S. A Massively Parallel Architecture for a Self-Organizing Neural Pattern

Recognition Machine. Computer vision, graphics, and image processing. 1987; 37(1):54–115. https://

doi.org/10.1016/S0734-189X(87)80014-2

19. Ullman S. Sequence Seeking and Counter Streams: A Computational Model for Bidirectional Informa-

tion Flow in the Visual Cortex. Cerebral cortex. 1995; 5(1):1–11. https://doi.org/10.1093/cercor/5.1.1

PMID: 7719126

20. Lee TS, Mumford D. Hierarchical Bayesian Inference in the Visual Cortex. Journal of the Optical Soci-

ety of America A. 2003; 20(7):1434. https://doi.org/10.1364/JOSAA.20.001434 PMID: 12868647

21. Bar M, Kassam KS, Ghuman AS, Boshyan J, Schmid AM, Dale AM, et al. Top-down Facilitation of

Visual Recognition. Proceedings of the National Academy of Sciences. 2006; 103(2):449–454. https://

doi.org/10.1073/pnas.0507062103 PMID: 16407167

22. Gilbert CD, Li W. Top-down Influences on Visual Processing. Nature Reviews Neuroscience. 2013; 14

(5):350–363. https://doi.org/10.1038/nrn3476 PMID: 23595013

23. Posner MI. Orienting of Attention. Quarterly Journal of Experimental Psychology. 1980; 32(1):3–25.

https://doi.org/10.1080/00335558008248231 PMID: 7367577

PLOS COMPUTATIONAL BIOLOGY Object reconstruction-guided attention

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012159 June 13, 2024 24 / 28

https://doi.org/10.1152/jn.2002.87.6.3102
http://www.ncbi.nlm.nih.gov/pubmed/12037211
https://doi.org/10.1371/journal.pcbi.1003963
http://www.ncbi.nlm.nih.gov/pubmed/25521294
https://doi.org/10.1038/srep27755
http://www.ncbi.nlm.nih.gov/pubmed/27282108
https://doi.org/10.1146/annurev-vision-082114-035447
https://doi.org/10.1146/annurev-vision-082114-035447
http://www.ncbi.nlm.nih.gov/pubmed/28532370
https://doi.org/10.1016/j.neuron.2020.07.040
https://doi.org/10.1016/j.neuron.2020.07.040
http://www.ncbi.nlm.nih.gov/pubmed/32918861
https://doi.org/10.1371/journal.pcbi.1006613
https://doi.org/10.1371/journal.pcbi.1006613
http://www.ncbi.nlm.nih.gov/pubmed/30532273
https://doi.org/10.1037/0033-295X.94.2.115
http://www.ncbi.nlm.nih.gov/pubmed/3575582
https://doi.org/10.1111/j.1467-9280.1990.tb00209.x
https://doi.org/10.1111/j.1467-9280.1990.tb00209.x
https://doi.org/10.1162/jocn.1990.2.4.320
https://doi.org/10.1162/jocn.1990.2.4.320
http://www.ncbi.nlm.nih.gov/pubmed/23964758
https://doi.org/10.1016/0376-6357(94)90062-0
http://www.ncbi.nlm.nih.gov/pubmed/24925242
https://doi.org/10.1016/0010-0277(89)90036-X
http://www.ncbi.nlm.nih.gov/pubmed/2752709
https://doi.org/10.1016/S0734-189X(87)80014-2
https://doi.org/10.1016/S0734-189X(87)80014-2
https://doi.org/10.1093/cercor/5.1.1
http://www.ncbi.nlm.nih.gov/pubmed/7719126
https://doi.org/10.1364/JOSAA.20.001434
http://www.ncbi.nlm.nih.gov/pubmed/12868647
https://doi.org/10.1073/pnas.0507062103
https://doi.org/10.1073/pnas.0507062103
http://www.ncbi.nlm.nih.gov/pubmed/16407167
https://doi.org/10.1038/nrn3476
http://www.ncbi.nlm.nih.gov/pubmed/23595013
https://doi.org/10.1080/00335558008248231
http://www.ncbi.nlm.nih.gov/pubmed/7367577
https://doi.org/10.1371/journal.pcbi.1012159
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