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Abstract

The brain’s bidirectional processing is thought to parallel the functions of recogni-
tion (bottom-up) and generative (top-down) models in AI. While prior work has
established a hierarchical correspondence between the visual cortex and recognition
models, whether generative models exhibit a similar neural alignment remains an
open question. To investigate this, we present a unified framework that decodes
fMRI signals into the latent representations of both model classes for visual re-
construction. Our analysis of perception data revealed that the generative model
achieved decoding and reconstruction performance comparable to the recognition
model, though its hierarchical correspondence with the visual cortex was weaker
and followed a different trend. An application to imagery data showed low decoding
accuracies but a different pattern from perception. Our work contributes a compar-
ative pipeline for studying generative representations and provides a framework for
future investigations into the brain’s bidirectional processing architecture.

1 Introduction

The brain processes information through bottom-up and top-down pathways. For example, when
recognizing objects in an image, the brain integrates bottom-up information based on visual stimuli
with top-down information derived from prior knowledge [1–3]. These processes are thought to
correspond, respectively, to a recognition model that takes an image as input and a generative model
that produces an image as output. By comparing these two model classes, we can better characterize
how the brain represents information along both directions of processing, thereby providing insight
into the bidirectional nature of neural computation.

Figure 1: Overview of the study pipeline. The hierarchical alignment of generative and recognition
models with the brain is evaluated by decoding the models’ latent representations from fMRI data.
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Figure 2: (a) The relationship between the recognition and generative models used in this work,
along with the target representations for prediction. (b) Reconstruction pipeline from predicted latent
representations of the recognition and generative models.

With the advancement of deep learning, NeuroAI research on the correspondence between models’
representations and brain activity has gained attention [4–9]. In particular, the hierarchical correspon-
dence between layers of recognition models and the human visual system has been widely studied:
their features can be predicted from brain activity [10] and used to reconstruct images [11, 12]. In
contrast, the hierarchical correspondence of generative models with the brain is less understood.
Although latent seeds of generative models have been shown to be decoded from brain activity to
reconstruct perceived images [13, 14] and illusory images [15], how their hierarchical representations
map onto the brain’s visual hierarchy remains unclear (See the details in Appendix A).

To address this question, we developed a method to decode the representations of the recognition and
generative models from fMRI data and compare them (Figure 1). We found that the generative model
exhibited decoding and reconstruction performance comparable to the recognition model. However,
the hierarchical correspondence of the generative model was not as strong as that of the recognition
model, especially in layers processing low-level image features. An application to imagery data, a
more top-down task, showed a different pattern from perception, although overall accuracy was low
and results remained inconclusive. Our work provides a comparative pipeline for studying generative
representations and a framework for future investigations of bidirectional processing in the brain.

2 Methods

We first trained decoders to predict the hierarchical representations of the recognition and generative
models from fMRI signals, following the methods of Shen et al. [11]. We used the representations of
the following DNN models as targets (Figure 2a): the recognition model was a variant of AlexNet
[16], and the generative model was pretrained to recover images from single-layer features of this
recognition model [17]. These models are approximately symmetric, enabling a fair comparison. To
train the decoders, we used fMRI data from three subjects provided by Shen et al. [18], collected
during visual perception. We trained decoders using both the entire visual cortex and individual
visual areas. Further details of the dataset, models, and training are provided in Appendix B.1–B.3.

Using the trained decoders, we then predicted the latent representations of the recognition and gener-
ative models and reconstructed images from them. From the predicted representations, reconstructed
images were generated for each layer using the following procedures (Figure 2b): for the recognition
model, we optimized the image to minimize the loss between its representation and the predicted
representation; for the generative model, we directly fed the predicted representation into the model
to generate the image. In the test phase, we used the held-out fMRI data during visual perception
and mental imagery. Our main analyses focused on perception, and imagery data were used as an
additional application. Further details of the dataset and reconstruction procedures are provided
in Appendix B.1 and B.4. Based on these predicted representations and reconstructed images, we
conducted subsequent analyses described in the Results section.

3 Results

We first examined perception data from the whole visual cortex to confirm whether representations
of the generative model could be decoded and used for reconstruction. We evaluated decoding
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Figure 3: (a) Correspondence between models and layer numbers, increasing from low- to high-level
features. (b) Profile correlations of decoded representations from perception data in the whole visual
cortex (mean ± SD across all units pooled from three subjects). (c) Reconstructed images (from
a representative subject) and their DreamSim similarity evaluation using the same perception data
(mean ± SD across all stimuli pooled from three subjects). In all panels, blue denotes the recognition
model, and red denotes the generative model.

and reconstruction accuracies at each layer (Figure 3a). Decoding accuracy was evaluated using
profile correlation, which measures the Pearson correlation between predicted and target values
across stimuli for each unit. Profile correlation values showed that representations of the generative
model could be predicted at a level similar to the recognition model and comparable to prior studies
[10, 11], although layers processing high-level image features showed slightly lower values only for
the generative model (Figure 3b). Both models showed high correlations in mid-level layers.

Reconstructed images from the generative model captured the overall shape of the targets across most
layers, similar to those from the recognition model (Figure 3c). We evaluated these reconstructed
images using DreamSim similarity [19], which measures perceptual similarity between reconstructed
and target images based on DNN features. DreamSim similarity values also indicated that decoded
generative model representations could reconstruct images comparable to the recognition model.
Similar to profile correlation, DreamSim similarity varied across layers: both models achieved the
highest values in mid-level layers, while low-level layers yielded lower values. High-level layers
showed relatively lower values for the recognition model. Overall, representations of the generative
model could be decoded and used for reconstruction comparable to the recognition model.

Next, we used data from each visual area, which processes information at different hierarchical levels,
to decode representations of the recognition and generative models and examined their hierarchical
correspondence with the brain. We plotted the proportion of units best predicted by each visual area
across model layers and calculated the BH score proposed by Nonaka et al. [20], which evaluates
the hierarchical correspondence between DNN models and the brain. The generative model showed
weaker correspondence with the brain than the recognition model, although it still exhibited alignment
(Figure 4a). For high-level layers, representations of both models were better predicted in higher
visual areas, though this trend was slightly weaker for the generative model. In contrast, for low-level
layers, clear differences were observed: representations of the recognition model were better predicted
in lower areas, whereas those of the generative model showed little variation across visual areas.
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Figure 4: (a) BH scores and the proportion of units best predicted by each visual area across model
layers, computed from the perception data (pooled across three subjects). Visual areas are shown
in hierarchical order (V1-V4 and HVC). (b) Similarity matrix showing representational similarity
between recognition and generative model layers, computed directly from the model representations
without brain data.

To further investigate this difference, we visualized the representational similarity between recognition
and generative models’ layers, computed directly from their representations without brain data, using
Representational Similarity Analysis (RSA) [21, 22]. We found that the two models were similar in
high-level feature layers, but their similarity was lower in low-level layers (Figure 4b). These results
indicate that, in terms of hierarchical correspondence, brain activity during perception aligns more
closely with the representations of the recognition model than with those of the generative model.

Finally, we also applied these analyses to imagery data. Overall, decoding and reconstruction
accuracies were very low, without substantial differences across models or layers. Hierarchical
correspondence with the brain was weaker than in perception data for both models, and the recognition
model showed a different trend. Detailed imagery results are provided in Appendix C.

4 Discussion

In this study, we developed a method to decode latent representations of the recognition and generative
models from fMRI signals and reconstruct images from them. Our results from the whole visual cortex
showed that the generative model achieved decoding and reconstruction performance comparable to
the recognition model. In decoding, high-level layers performed better for the recognition model,
possibly because these layers are task-optimized and contain information more consistent with brain
activity. In reconstruction, the performance of the recognition model decreased in high-level layers,
likely because the optimization-based reconstruction process is less influenced by layers farther from
the image input. These differences suggest differences in brain correspondence between the two
models, while also indicating the need to improve comparative methods.

Our results from each visual area indicated that the generative model showed a weaker hierarchical
correspondence with the brain than the recognition model. In particular, for layers processing low-
level image features, the generative model showed little variation across visual areas. This may
be because its input originates from higher-level features, causing all layers to contain high-level
information to some extent. When applied to imagery, a more top-down task, the recognition model’s
correspondence with the brain was particularly weakened, although decoding and reconstruction
accuracies were generally low. While the present work is limited by factors such as the small
number of participants and the use of pretrained models that were not strictly symmetric, focusing on
these differences in brain correspondence between the two models may also provide insights into
the brain’s bidirectional information processing. Our work contributes a comparative pipeline for
studying generative representations and offers a framework for future investigations into the brain’s
bidirectional processing architecture.
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Appendix

A Related Work

Neural alignment between DNNs and the brain. The advancement of deep learning accelerated NeuroAI
research on the correspondence between model and brain representations. Yamins et al. [5] showed that
task-optimized DNN features predicted visual cortex responses. Khaligh-Razavi and Kriegeskorte [6] used
representational similarity analysis and found that supervised DNNs align more closely with human brain activity
than unsupervised models. Schrimpf et al. [7] proposed a quantitative benchmark, Brain-Score, to evaluate
DNNs in terms of their neural similarity to the brain. Ponce et al. [8] and Murty et al. [9] developed techniques
to generate images predicted to strongly activate specific brain regions based on the relationship between DNN
representations and neural responses.

Hierarchical correspondence between DNNs and the brain. In the context of NeuroAI research, previous
studies have further investigated the hierarchical correspondence between DNNs and the brain. Horikawa
and Kamitani [10] decoded latent representations of recognition models from fMRI activity and demonstrated
correspondence between the DNN layer hierarchy and the hierarchy of visual areas in terms of decoding
accuracies. Nonaka et al. [20] further proposed the Brain Hierarchy score (BH score) to quantify such
correspondences across models. These works, however, mainly focused on recognition models.

Decoding and reconstruction with generative models. Meanwhile, generative models have been leveraged for
decoding and visual reconstruction. Seeliger et al. [13] and Cheng et al. [15] applied generative adversarial
networks (GANs) by decoding input vectors from brain activity and feeding them into the model to generate
images. Ozcelik and VanRullen [14] decoded stochastic parameters of a variational autoencoder (VAE) and
reconstructed images by feeding them into the generative part of the model. While several studies have used
generative models for decoding and reconstruction, direct comparison of recognition and generative models in
terms of their correspondence with the brain remains limited.

B Details of Methods

This section provides additional methodological details that could not be fully described in the main Methods
section.

B.1 fMRI Dataset

We used an fMRI brain activity dataset publicly released by Shen et al. [18] and performed preprocessing
following the procedures described in their study. Among the participants in the dataset, we selected three
subjects whose performance in the original study was sufficiently high. The dataset consisted of voxel-wise brain
activity signals extracted from the participant’s visual cortex, with each voxel activity pattern corresponding to
either the perception or mental imagery of a single image. For the analysis of each visual area, we used V1, V2,
V3, V4, and higher visual cortex (HVC) in ascending order of hierarchy, defined in the same manner as in Shen
et al. [11].

The training set comprised brain activity measured while the participant viewed 1,200 natural images. The test
set comprised brain activity measured in the perception condition while the participant viewed 50 natural images,
and brain activity measured in the imagery condition while the participant imagined 10 natural images and 15
artificial shapes. The natural images in the test set belonged to object categories different from those in the
training set.

B.2 Recognition and Generative Models

We adopted the following models as the recognition model and the generative model in this study.

For the recognition model, we used an AlexNet variant known as the BVLC reference CaffeNet [16]. This
network consists of five convolutional layers and three fully connected layers, named in order from the input
side as conv1, conv2, conv3, conv4, conv5, fc6, fc7, and fc8. In this study, layer numbers corresponded to conv1
= (1), conv2 = (2), conv3 = (3), conv4 = (4), conv5 = (5), fc6 = (6), and fc7 = (7).

For the generative model, we used a generative adversarial network (GAN) provided by Dosovitskiy and Brox
[17], which was trained to reconstruct original images from the latent representation at the relu7 layer (i.e.,
the fc7 layer with a ReLU activation) of the BVLC reference CaffeNet. The network consists of three fully
connected layers (defc7, defc6, defc5), three convolutional layers, and five deconvolutional layers, arranged in
the following order from input to output: defc7, defc6, defc5, deconv5, conv5, deconv4, conv4, deconv3, conv3,
deconv2, deconv1, and deconv0. In this study, the layer numbers for the generative model were assigned as
follows: deconv1 = (1), deconv2 = (2), deconv3 = (3), deconv4 = (4), deconv5 = (5), defc6 = (6), and defc7 = (7).
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We used seven layers (deconv1–5, defc6, defc7) as targets; intermediate conv layers were not used as decoding
targets.

Although this GAN is not perfectly symmetric to the recognition model, it was adopted because of its high fidelity
in recovering original images, whereas a fully convolutional autoencoder would yield lower fidelity. While
other architectures could be explored in future work, we selected this particular combination of recognition and
generative models as a trade-off between architectural symmetry and the generative model’s ability to faithfully
recover original images. In addition, the layer numbering from (1) to (7) in this study was determined based on
the original layer names (e.g., fc6 and defc6 were both assigned as layer (6), and conv3 and deconv3 as layer
(3)). Layers sharing the same or similar names were assumed to represent corresponding hierarchical processing
stages, and comparisons were made under this assumption.

B.3 Decoder Training and Target Feature Specification

The implementation of the decoders followed the approach of Shen et al. [11]. We trained decoders on the
training fMRI dataset to predict the latent representations of recognition and generative models from voxel-wise
brain activity patterns. The decoders were implemented as linear prediction using ridge regression, and were
trained separately for each of the layers ((1)–(7)) of both models. For each layer l, we estimated the decoder
weights W (l) by solving the following ridge regression problem:

W (l)∗ = arg min
W (l)

||V (l) − UW (l)||2F + λ||W (l)||2F ,

where V (l) is the target matrix (number of samples × number of units in layer l), U is the predictor matrix
(number of samples × number of voxels), W (l) is the weight matrix (number of voxels × number of units in
layer l), and λ is the regularization coefficient (λ = 100).

The target matrix V (l) is constructed by concatenating the intermediate feature vectors of either recognition
model or generative model. The target representations for the recognition model Φ were obtained by inputting
an image x into the model and extracting the layer l representation Φl(x) where Φl represents the function
that outputs the intermediate feature vector at the layer index l. In other words, for each row of the target
matrix V , the corresponding vector v can be expressed as v = Φl(x). For the first layer of the recognition
model, we additionally trained decoders using the absolute values of the representations as targets, since we
followed the previous studies [10, 20] which evaluated predicted representations with decoders trained on these
absolute-valued representations. The target representations for the generative model Ψ were obtained by feeding
the relu7 representations of the recognition model as an input vector z = ReLU(Φ7(x)) to the generative
model Ψ and extracting the corresponding layer l representation Ψl(z). In other words, for each row of the
target matrix V (l), the corresponding vector v can be expressed as v = Ψl(z). This procedure reflects the
relationship between the recognition and generative models described in Appendix B.2.

When training the decoder, we selected the voxels that were considered to contribute most to the prediction
of each feature unit, and trained the decoder using only those voxels. For each feature unit, we individually
identified the top 500 voxels whose fMRI responses showed the highest correlation with that unit’s activity
pattern, and used only those voxels to train the decoder.

B.4 Image Reconstruction Procedures

Using the trained decoders, the latent representation at layer l, v(l), was predicted from the brain activity vector
u as v̂(l) = W (l)Tu. Before generating reconstructed images, a scaling was applied to these raw predicted
latent representations. For each layer, the standard deviation across units was matched to a specified value. This
specified value was the standard deviation computed for each layer from the target representations used while
training the decoder. These scaled latent representations are referred to as the predicted latent representations
from brain activity, and are used for image reconstruction. In the remainder of this subsection, we use the same
symbol v̂(l) for the scaled latent as an abuse of notation.

For the recognition model, reconstructed images were generated using the same procedure as in Shen et al. [11],
which applied a Natural Image Prior to reconstruction from a single DNN layer. A randomly initialized input
vector was passed through the Natural Image Prior to generate an initial image. The image was then fed into the
recognition model to extract the representation of the target layer, and the loss was computed with respect to the
representation of that layer predicted from brain activity. The input vector was iteratively updated to minimize
this loss, which was based on the squared error:

y∗ = argmin
y

∥Φl(G(y))− v̂(l)∥2,

where y is the input vector of the Natural Image Prior G that outputs an image, Φl(x) denotes the vectorized
representation of layer l when image x is fed into the recognition model, and v̂(l) is the vectorized predicted
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representation of layer l from brain activity. After the optimization, the reconstructed image was obtained as
x̂ = G(y∗) where y∗ is the solution of the above minimization problem. We used the model provided by
Dosovitskiy and Brox [17] as the Natural Image Prior, and parameter settings followed the implementation of
Shen et al. [11].

For the generative model, the predicted latent representations v̂ were directly substituted as the feature represen-
tation of the corresponding layer, i.e., Ψl(z) = v̂(l), and by forwarding it through the generative model Ψ, the

reconstructed image was obtained as x̂ = Ψ(z)
∣∣∣
Ψl(·)=v̂(l)

.

C Additional Results

We present the decoding and reconstruction results using imagery data which are not included in the Results
section.

We first decoded hierarchical latent representations (Figure 5a) using imagery data from the whole visual cortex
and reconstructed images from the decoded representations. As in the Results section, profile correlation was
used to evaluate the decoded representations, and DreamSim similarity was used to evaluate the reconstructed
images. The mean profile correlation values for all layers of both models were close to zero, indicating that
representations were poorly predicted regardless of the model used (Figure 5b). Although many layers showed
higher mean values for the generative model than for the recognition model, these differences were smaller
than those observed in the perception condition and did not indicate substantial model-specific effects. Some
reconstructed images preserved the shape of the target stimuli for both models, whereas many did not retain
any meaningful shape (Figure 5c). While the mean DreamSim similarity values were higher for the generative
model than for the recognition model in many layers, overall performance was low, with no notable differences
across models or layers.

We then used the imagery data from individual visual areas to decode latent representations and evaluated
the hierarchical correspondence of both models with the brain (Figure 5d). As in the Results section, we
plotted the proportion of units best predicted by each visual area across model layers and calculated the BH
score. Although the BH scores were lower than those for the perception data in both models, there was still
evidence of hierarchical correspondence between the models and the brain, especially in the recognition model.
Representations from high-level layers were better decoded from higher visual areas for both models. In
low-level layers, while representations of the recognition model were better decoded from lower visual areas for
the perception data, such regional differences were not observed for the imagery data. For the generative model,
as in the perception condition, decoding from low-level layers showed little variation across visual areas.
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Figure 5: (a) Correspondence between models and layer numbers, increasing from low- to high-level
features. (b) Profile correlations of decoded representations from imagery data in the whole visual
cortex (mean ± SD across all units pooled from three subjects). (c) Reconstructed images (from a
representative subject) and their DreamSim similarity evaluation using the same imagery data (mean
± SD across all stimuli pooled from three subjects). (d) BH scores and the proportion of units best
predicted by each visual area across model layers, computed from the imagery data (pooled across
three subjects). Visual areas are shown in hierarchical order (V1-V4 and HVC). In all panels, blue
denotes the recognition model, and red denotes the generative model.
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