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ABSTRACT

Understanding how neural populations in higher visual areas encode object-
centered visual information remains a key challenge in computational neuro-
science. Prior work has examined representational alignment between artificial
neural networks and the visual cortex, but such findings are indirect and provide
limited insight into the structure of the neural population coding. Decoding-based
methods can recover semantic features from neural activity, yet they do not reveal
how these features are organized. This leaves an open question: how feature-
specific visual information is distributed across neural populations, and whether
it forms structured, semantically meaningful subspaces. To address this, we in-
troduce MIG-Vis, a method that leverages diffusion models to visualize and vali-
date visual-semantic attributes encoded in neural latent subspaces. MIG-Vis first
learns a group-wise disentangled neural latent representation using a variational
autoencoder. It then uses mutual information (MI)—guided diffusion synthesis to
visualize the visual-semantic features encoded in each latent group. We validate
MIG-Vis on multi-session neural spiking datasets from the inferior temporal (IT)
cortex of two macaques. The synthesized results show that MIG-Vis identifies
neural latent groups with clear semantic selectivity to diverse visual features, in-
cluding object pose, inter-category variation, and intra-category content. These
findings provide direct and interpretable evidence of structured semantic repre-
sentation in higher visual cortex. The code repository of MIG-Vis is available at:
https://github.com/BRAINML-GT/MIG-Vis.

1 INTRODUCTION

Determining how populations of neurons in higher visual areas represent object-centred visual in-
formation remains a central question in computational neuroscience (DiCarlo et al.l [2012}; 'Yamins
& DiCarlol |2016). A major line of research (Lindsey & Issal [2024; Xie et al., [2024) has explored
representational alignment between deep neural networks (DNNs) and primate visual cortex, show-
ing that DNNs trained for object recognition—especially those with disentangled representation
subspaces—closely resemble inferior temporal (IT) cortex activity. Nevertheless, these findings are
indirect, relying on artificial model architecture and specially designed representational similarity
metrics. Meanwhile, previous works have focused on single-unit selectivity (Rust & DiCarlo, [2010)
or decoding-based methods (Freiwald & Tsaol [2010; |(Chang & Tsao, 2017)) that quantify semantic
features like object category or viewpoint in higher visual cortex. Earlier studies have also used
pre-trained diffusion models with fMRI data (Luo et al.| 2023a}b; |Cerdas et al., | 2024)) to verify and
classify that various brain regions specialize in processing certain categories’ information.

However, existing approaches do not extract semantically interpretable neural representations from
electrophysiological recordings in higher visual cortex. No study has mapped the organization and
structural patterns of higher visual area neural populations to distinct visual attributes. In practice,
addressing this scientific problem is challenging due to single-unit neural activities in the higher
visual cortex exhibit mixed selectivity to multiple visual-semantic features (Chang & Tsao, [2017).
We also verify this finding through an empirical study on the IT cortex of macaques in a passive
object recognition task (Majaj et al.,[2015) (the results are presented in Fig.[I).
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Figure 1: (A) Single-neuron decoding results show that IT neurons exhibit mixed selectivity, con-
tributing to both low-level pose attributes (e.g., rotation) and high-level semantic features (e.g., cat-
egory identity) to different extents (indicated by line thickness). (B) Example images varying along
each visual-semantic feature.

To address this gap, we propose MIG-Vis (Mutual Information-Guided Diffusion for uncovering
semantic selectivity of neural latent groups in higher Visual cortex), a method that identifies inter-
pretable neural latent subspaces and visualizes the semantic meaning encoded in each subspace. We
assume that multiple latent dimensions form a group that encodes a specific type of semantic feature.
For example, object category may be represented by one latent group, while rotation is represented
by another. To capture this structure, we use a group-wise disentangled variational autoencoder (L1
et al.| 2025)), which learns latent groups composed of multiple dimensions, each corresponding to a
distinct semantic feature type. Within each group, individual dimensions can still capture different
aspects of that feature type, such as shape, texture, or lighting within a category-related group.

Given the learned neural latent space, our next goal is to understand the visual-semantic features
that a certain latent group encodes. We achieve this by perturbing the latent and generating cor-
responding images, then comparing them to the original image to observe the semantic changes
introduced by the perturbation. Traditionally, this can be done using a neural-to-image decoder to
map a perturbed neural latent to an image (Whiteway et al., 2021). However, such a decoder tends to
produce a single best reconstruction and may smooth out subtle variations in the latent space. As a
result, small perturbations may not lead to clearly distinguishable semantic changes. An alternative
is to use diffusion with guidance. Prior work typically guides diffusion by optimizing simple sta-
tistical moments of target neural dimensions, such as absolute activation values (Luo et al.,[2023a)
or variance (Wang et al 2024). Such approaches are especially common in the fMRI literature,
where neural activity is directly manipulated: zero indicates no activation, and larger positive values
correspond to stronger responses. In our case, the neural representation lies in a learned latent space
where both positive and negative values carry meaningful but distinct semantics. Thus, maximizing
magnitude or variance does not result in meaningful semantic change encoded in neural latent space.

To address limitations in existing methods, we perturb the latent representation by adding or sub-
tracting values along specific dimensions and seek to generate images that reflect these perturbed
latents. Rather than relying on a decoder or diffusion guided by magnitude or variance maximiza-
tion, we steer the diffusion process by maximizing the mutual information (MI) (Hjelm et al., [2018))
between the synthesized image and the perturbed latent. MI captures the full statistical dependence
between them, encouraging the generated image to retain the semantic changes introduced by the
perturbation. Compared to direct neural-to-image decoding, MI-guided diffusion reduces the risk
of collapsing semantic variations into an averaged reconstruction and is better suited to reveal how
visual meaning changes along different latent directions.

We evaluate MIG-Vis on multi-session neural spiking datasets (Majaj et al.,[2015) from the IT cortex
of two macaques performing a passive object recognition task. Diffusion-based synthesis shows
that MIG-Vis learns disentangled neural latent groups with distinct visual-semantic selectivity. By
generating images guided by maximizing mutual information between the output and each latent
group, we identify clear semantic roles across groups, including pose, inter-category variation, and
intra-category content details. We further apply this interpretation method within each group to
reveal fine-grained semantic structure.

2 PRELIMINARIES

Problem Formulation. For each single trial, data is composed of neural population and stimulus
image pairs: (x,y). The neural population is denoted as x € R”, where N is the number of
recorded neural units. The corresponding image is represented as y € R'#*W where H and W
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Figure 2: (A) The semantic image editing procedure. This consists of a deterministic forward
process from ¢ = 0 to an intermediate timestep ¢ = ¢/, followed by a neural-guided deterministic
synthesis process back to ¢ = 0. (B) Perturbation process. We show the neural manifold of the
latent group z;, which encodes object pose. We traverse along its first group. Starting from the
original image, we slightly adjust the latent variable to obtain perturbed latents and generate the cor-
responding images by maximizing mutual information with these perturbed representations. Since
the perturbations are applied within the pose subspace, the resulting image changes consistently re-
flect rotation variations.

denote the height and width of the gray-scale image. We develop a group-wise disentangled VAE
based on to infer the neural latent groups, denoted as z = [zq, . .. ,Zg]T € RP,in
which D is the latent dimension number and G is the number of groups. Each latent group is set to
have the same dimensionality dg, thus D = G X d,. Our ultimate goal is to investigate the specific
visual-semantic encoding of the g-th neural latent group.

Classifier-Guided Diffusion Models. Given a set of image data samples y, a diffusion probabilis-
tic model (Ho et al.| [2020; [Wang et al.| 2023)) estimates its density pgaa(y) by first perturbing the
data points in a T-step forward process: q (y: | yo) := N (yt; Voryo, (1 — o) I), where {a;}7_;
denotes a noise-schedule. In the reverse process, a neural network eg (y;,t) parameterized by 0
is trained to estimate the introduced noise at each timestep ¢. On the other hand, classifier-guided
diffusion models (Dhariwal & Nichol| 2021) enable conditional generation p(y | z) given a class
label z. Formally, given the class label z and a guidance scale n > 0, by Bayes’ rule, the conditional
distribution of sampled images y would be: p"(y | z) o p(y)p(z | y)". By taking the log-derivative
on both sides, this gives:

Vy, logp" (y: | z) = Vy, logpe(y:) +1Vy, logpe (z | yi) - (1)

est. by €¢ (y+¢,t) est. by guidance

The unconditional score term on the right-hand side (RHS) is a scaled form of the predicted noise,
ie., Vy, logp(y:) = —€o(y+,t)/+/1 — ar. We propose a novel MI-based classifier parameterized
by ¢ to estimate p (z | y+), and the second term on the RHS corresponds to its log-derivative.

3 METHODOLOGY

In the following, we first describe how MIG-Vis infers a neural latent space via a group-wise disen-
tangled VAE. We then present our approach for visualizing and interpreting visual-semantic varia-
tions encoded by each latent group through mutual information-guided diffusion synthesis.

3.1 INFERRING GROUP-WISE DISENTANGLED NEURAL LATENT SUBSPACE

To uncover interpretable visual-semantic structure in neural populations, we use a group-wise dis-
entangled VAE that learns latent subspaces corresponding to different semantic factors. Traditional
disentangled VAEs (Higgins et all, 2017}, [Chen et al, 2018) assume that each semantic factor is
represented by a single independent latent dimension. However, this assumption is restrictive for
high-level visual attributes, such as object category or 3D rotation, which typically require multiple
latent dimensions to be represented adequately.
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Hence, we relax the single-dimension assumption by using a group-wise disentangled VAE (Es-
maeili et al., |2019; [Li et al., |2025), which encourages statistical independence between multi-
dimensional neural latent groups. As suggested by previous works (Locatello et al.| [2019), well-
disentangled semantic latents seemingly cannot be inferred without (implicit) supervision. We in-
corporate certain image attributes (i.e., rotation angles and category identity) as supervision to in-
form the latent subspace learning. The supervision labels are concatenated into a vector u € RM
where M denotes its dimensionality. We decompose the neural latent vector z into supervised latent

groups z(*) and unsupervised latent groups z(*), such that z = [z(s), z(“)]T. The latent groups

within z(*) are informed by labels, while the groups in z(*) are inferred without supervision. We
propose to optimize the following lower bound of evidence pg (x, u):

log pe(x,u) > By, (zx) [log pe(x | 2)] +Eq,, (z/%) [bgpg(u | Z(S))]

Neural Reconstruction Weak Label Supervision

2

— Dk (¢4 (2 | x,u) [| p(2)) =8 Dkr <q¢(Z)

Prior Regularization

G
H Q¢(Zg)> )

Partial Correlation

where the probabilistic encoder ¢y (-) and decoder pg (-) are parameterized by 1) and &, respectively.
qup(2z) = 25:1 ayp (2 | x(")) q (x(")) is the aggregated posterior over a sample set of size NN,
g € {1,2,...,G} denotes the latent group index, and hyperparameter [ controls the penalty scale.
We note that the group-wise factorized density in the partial correlation (PC) term is intractable, thus
we use the importance sampling (IS) estimator (Li et al.| 2023} 2025) to approximate the PC during
training. Importantly, the use of weak-supervision labels and the PC penalty here does not degrade
the neural reconstruction quality, as verified by the results in Section 4}

3.2 MUTUAL INFORMATION MAXIMIZATION GUIDANCE

Given an inferred neural latent z, the next goal is to characterize the visual-semantic factors encoded
by a specific latent group z,. By perturbing the neural latent z,, we observe the resulting changes
in the generated images, which helps reveal the underlying semantic variations. Traditionally, this
is done by learning a neural-to-image decoder that directly maps the perturbed latent to an image.
However, such a decoder often captures only the most dominant patterns and may miss subtle but
meaningful variations in the latent. Instead, we use diffusion to generate an image that maximizes
its mutual information with the perturbed latent. This encourages the synthesized image to preserve
all relevant information encoded in the latent, rather than averaging it into a single reconstruction.
As a result, the generated image better reflects the semantic changes introduced by the perturbation.
In this sense, maximizing mutual information provides a more informative guidance signal than
directly mapping from z to y using a standard decoder.

Mutual Information-Maximization Guidance. We start with an original image y and its corre-
sponding neural latent group z,. To visualize the semantic features encoded in z,, we perturb it
as zg = z4 + v1;y ~ U(—a,a), where a is a predefined half-range and 1 € R% is an all-ones
vector matching the dimension of the g-th latent group. This perturbation moves z, in both positive
and negative directions. We then add noise to the image y and use the diffusion model to gradually
denoise it, while guiding the process so that the generated image stays closely related to z,. Because
Z, is slightly perturbed from the original latent z,, the new image y is also a modified version of y.
The difference between the two images shows the semantic change caused by moving in the neural
latent space. Concretely, we use classifier-guided diffusion (Eq. [T), since its explicit conditional
gradient term makes scientific interpretation more accessible. We aim to approximate the two terms
on the RHS of Eq. |1} The unconditional score term is estimated using a denoiser €4(y;, t). We then
introduce an MI-based guidance to construct the classifier, from which we derive the conditional
score Vy, log p (z | y;). Formally, the MI between z, and y is given by:

_ p(ze,y) | Py |zg)
MI (ZQ’Y) = ]EP(ZQQ’) [log p(Zg)p (y)} = EP(ZW}’) {1og p(y) } : 3)

Note that mutual information captures the full statistical dependence between z, and the image
y. During diffusion sampling, given the perturbed z,, maximizing mutual information guides the
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process so that the synthesized image y reflects the semantic information encoded in z,. Based on
Eq.[1} the classifier-guided conditional score becomes:

Vy, logp (yi | 24) = Vy, logpe(y:) +nVy,MI(zg, y) - “4)

Estimation of the Group Mutual Information. However, the mutual information term in Eq. E]

is intractable and notoriously difficult to compute in practice (Hjelm et al., 2018). According to

InfoNCE (Oord et al.,|2018)), we approximate the density ratio portion % in Eq. using aneural

network s¢ (z4,y). To construct the InfoNCE loss, we need to get positive and negative samples
for z,. For an image y, a positive sample z, comes from ¢,(z, | x) where x is the corresponding
neural signal for y, while a negative sample comes from g, (z, | X) with X unrelated to y. During

training, for each y and batch size B, we collect Z; = {zgl), e ,ZEJB)}, where zél) is the positive
sample and z_ff) (i € {2,..., B}) are negative samples. The noise-contrastive loss Ly is optimized
as follows:
o (0 (47.))
Ly (¢) = 7Ep(zg,y) log . @)

0 oo ()

Note that — Ly provides a lower bound (Oord et al., 2018) on the group-wise mutual information,
ie., MI(zg,y) > log(B) — Lx. s¢ (2z4,y) specifically approximates the density ratio component
of the mutual information MI(z,,y) for the g-th latent group. Since the RHS in Eq. [5| provides a
normalized probability function, we have:

Vyt 10gp¢ (Zg | yt) = _v}’t‘CN (¢) ~ VYtMI (Zga yt) . (6)
During MI-guided image synthesis, at each step ¢, we first estimate its noise-free approximation by
Yo = (vt — VT = ar€g(ys, 1)) //ar, which is then used as input to the s () network. Fig.[2(B)
shows the perturbation of the neural latent and the corresponding images generated under MI guid-

ance. MI steers image synthesis within the first latent group z;, with the guidance strength controlled
by the scale parameter .

3.3 SEMANTIC IMAGE EDITING WITH DETERMINISTIC DDIM

In diffusion models, early-step noise perturbations primarily distort semantic attributes (e.g., object
and category identity) of the clean image, while largely preserving its structural information (e.g.,
layout, contours, and color composition) (Choi et al., 2022} [Wu et al., [2023). As our goal is to
uncover the conceptual semantic features encoded within specific neural latent groups, we employ
the image editing approach (Meng et al.l [2021). This method stops the noise-perturbation process
at an intermediate timestep ¢ = t’ € (0,7 and then initiates the backward synthesis process from
that step. This approach is employed to retain the basic structure of the reference image. Otherwise,
these foundational components will also be generated from pure noise, making it difficult to interpret
the effect of neural semantic features built upon them. Furthermore, to ensure that our interpretation
is not compromised by the stochastic sampled noise from the standard reverse process, we use the
deterministic DDIM sampler.

Formally, we employ a two-stage deterministic image synthesis
process. First, we take an original image y( and apply determinis-
tic DDIM Inversion (Song et al., [2020; Mokady et al., [2023)) using
the diffusion denoiser €4(+) from ¢ = 0 up to a predefined timestep
t = t'. This inversion timestep is calibrated to corrupt the semantic
attributes of the original image while preserving its structural infor-
mation. In the second stage, we reverse the process from ¢ = ¢/
to ¢ = 0 using a classifier-guided, deterministic DDIM sampling.
This reverse procedure is guided by our proposed MI maximization
objective, ultimately yielding the synthesized image. This overall
process is illustrated in Fig. 2 A). The complete synthesis proce-
dure and a detailed algorithm are provided in Appendix

Ship Animal

Figure 3: Macaques IT cor-
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Macaque IT Cortex Dataset. We use single-unit spiking responses ~ ages from the eight object cat-
from the IT cortex of two macaques (M1 and M2) during a passive ~egories in the dataset.
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Figure 4: Synthesized images by MIG-Vis under varying guidance strengths. Results using a
frontal-view face, car, strawberry, and table as the original images.

object recognition task (Majaj et al.l [2015). Each head-fixed macaque passively viewed grayscale
naturalistic object images while electrophysiological activity was recorded from 58 IT channels in
M1 and 110 in M2. Each image was shown for 100 ms at the center of gaze, and neural responses
were measured within a 70—170 ms post-stimulus window. The dataset contains 5760 images span-
ning eight basic-level categories (Fig. [3). To introduce identity-preserving variation, images were
generated via ray-tracing with randomized object position, scale, and pose. Following prior work
(Lindsey & Issa, [2024), we segment the foreground in each image to reduce background effects.

Model Settings. (1) Neural VAE. We adopt a two-layer MLP for both the encoder and the decoder.
We set the neural latent dimension number to D = 24 and partition it into G = 4 latent groups, each
with a group rank of D, = 6. The first two groups are supervised: Group 1 is informed by the 3D
rotation angles provided in the dataset, and Group 2 uses the 8-way one-hot category_id labels. The
remaining groups, Group 3 and Group 4, are learned in an unsupervised manner. (2) Neural Encoder.
We first extract the DINO embeddings (Caron et al., [2021)) from the raw images. For DINO, we
adopt the ViT—-B/16 architecture and its image embedding size is 384. The density ratio estimator
5¢ (24,y) is implemented as a three-layer convolutional neural network. (3) Diffusion model. We
downsample images to a resolution of 128 x 128 and trained an image diffusion model based on a
U-Net architecture (Ronneberger et al.,2015)). The diffusion step 7 is set as 150 and the ¢’ is set as
135. Further details on the model architecture and hyper-parameters are listed in the Appendix

6
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Figure 5: Comparison of images synthesized by MIG-Vis and baseline methods. (A) Results
from probing Latent Group 1 (pose). (B) Results from probing Latent Group 2 (inter-category).

4.1 DIFFUSION VISUALIZATION OF SEMANTIC SELECTIVITY IN LATENT GROUPS

To perform diffusion-based visualization with MIG-Vis, we select two key components: an original
image y(, which serves as the starting point for the editing process described in Section and
a neural latent group z,, which we perturb for MI-guided synthesis. We generate images using
MIG-Vis under different guidance strengths, v € {—10, —5, 5, 10}. In Fig. E], a frontal-view face, a
car, a strawberry, and a table are used as the original images. For each case, we perturb the corre-
sponding neural latent with both positive and negative . The resulting visual-semantic selectivity
is summarized as follows:

(1) Latent Group 1: Pose. Probing Latent Group 1 primarily modulates pose-related features,
such as the rotation of faces and cars. This aligns with the rotation supervision applied to this
group’s dimensions. Importantly, object category remains unchanged across all synthesized images,
indicating that this latent group separates pose variation from other semantic content.

(2) Latent Group 2: Inter-Category Semantic Attributes. Notably, despite being supervised
only with high-level category identity and no explicit semantic features, Latent Group 2 learns to
control inter-category semantic attributes. For example, our MI-guidance transforms the face image
into a strawberry. We also observe a direct relationship between activation strength and semantic
distance; a larger magnitude of v results in a generated image that is more semantically distinct
from the original, demonstrating that the axes of this group subspace encode high-level categorical
information.

(3) Latent Group 3 and 4: Intra-Category Content Details. Latent Groups 3 and 4, discovered
without supervision, both encode intra-category content variations. Group 3 primarily modulates
the appearance of faces and strawberries with little effect on cars, whereas Group 4 significantly
alters cars and tables while minimally affecting faces. This selective behavior likely reflects dis-
tinct patterns of visual variation across object categories. These results suggest that the neural latent
manifold in these dimensions is locally structured rather than globally aligned. Different object
categories occupy different regions of the manifold and vary along different directions. Geometri-
cally, this implies that the manifold is anisotropic and curved: the principal directions of variation
are category-dependent. Faces and strawberries extend strongly along the dimensions of Group 3,
whereas cars and tables extend more along Group 4. Thus, intra-category variation is organized into
separate local tangent directions rather than a single shared global axis across all objects.
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4.2 NEURAL GUIDANCE BASELINE METHODS FOR COMPARISON

As prior works are designed for different types of neural data (e.g., fMRI), here we isolate their core
neural guidance approaches during image synthesis for a fair comparison with our method:

e Standard Latent Traversal (SLT): a standard approach for latent variable manipulation (Chen
et al., 2018; Esmaeili et al. [2019), which trains a decoder to map neural latents to images. We
perform latent traversal with z, = z, + 1.

e Activation Probing via Classifier-Free Guidance (AP-CFG): the neural manipulation method
used in BrainACTIV (Cerdas et al.| 2024)), which synthesizes images guided to maximize or mini-
mize the activation of a target cortical region. It employs a classifier-free guidance diffusion (Ho &
Salimans}, 2022)) that jointly models the denoising and guidance gradients.

o Ours w/o MI Guidance: We perform latent traversal by shifting the group latent as z, = z,+~71.
Instead of mutual information, we train a probabilistic encoder that maps an image y to the neural
latent z,, i.e., learning p(z4|y). Given z,, we generate a new image y via diffusion, guided by
Vy log p(z4]y), which encourages the generated image to produce a latent with highest likelihood
matching z.

Comparison Results Analyses. In Fig. 5] we compare MIG-Vis with the three baselines intro-
duced above, using a frontal-view face as the original image. We focus on two representative latent
groups for this analysis: Group 1 and Group 2, which have been identified as controlling pose and
inter-category factors, respectively. We first observe that images manipulated by SLT exhibit some
rotation when probing Group 1, but the changes are not as clean as those produced by other meth-
ods. When probing Group 2, the object category remains unchanged. This suggests a limitation of
decoder-based image generation compared to diffusion-based generation. AP-CFG performs rea-
sonably well in capturing rotation semantics; however, its perturbations for inter-category variations
are less clean compared to our MIG-Vis.

Importantly, in the ablation of our framework w/o MI guidance, where diffusion is guided by
likelihood-based alignment V,, log p(z,|y), we observe that pose-related rotation semantics can be
captured moderately well. Both ours with and without MI rely on linear activation probing to define
the latent subspace. However, the key difference lies in the guidance objective. Likelihood-based
guidance only enforces that the synthesized image be mapped back to the target latent z, by the
learned probabilistic encoder. In other words, diffusion merely needs to generate an image that the
encoder recognizes as having latent z,. This constraint is one-sided and encoder-dependent: as long
as the encoder assigns high likelihood to z,, the objective is satisfied. For simple, low-dimensional
variations such as rotation, this may be sufficient. However, for inter-category semantic features,
whose latent structure is complex and nonlinear, this objective becomes too weak. Multiple visually
different images may map to similar latent values under the encoder, and subtle semantic structure
may be averaged out. As a result, likelihood-based guidance can produce inconsistent or unrealistic
categorical transitions.

In contrast, our MIG-Vis employs MI guidance, which imposes a stronger constraint. Rather than
asking whether the encoder can recognize the image as having latent z,, MI maximization requires
that the synthesized image and z, share maximal statistical dependence. Intuitively, likelihood
guidance asks: Can the encoder recognize this image as having latent z,? MI guidance asks: Does
this image truly express the information contained in z,? The latter is a stricter requirement. It
forces the diffusion process to generate images that visibly and structurally reflect the semantic
content encoded in the perturbed latent group, rather than merely satisfying an encoder consistency
check. Consequently, MI guidance better preserves complex inter-category structure and produces
smooth, realistic transitions across object instances.

4.3  FINE-GRAINED NEURAL SELECTIVITY WITHIN LATENT GROUP

In Figs. [6]and [7(A), we probe pair-wise latent dimensions within the Group 3 intra-category sub-
space by starting from both a face image and a strawberry image, and within the Group 2 inter-
category subspace by starting from a table image. We observe that perturbing the same dimension
pairs results in different semantic changes across object categories.

In Fig. @ for dimension pair [1, 2], perturbations applied to the face primarily modulate orientation
and gaze direction (e.g., upward gaze or left orientation shift). In contrast, perturbing the same di-
mensions for the strawberry mainly produces texture smoothing and global lighting changes. Sim-
ilarly, within the [3, 5] subspace, faces exhibit structural variations such as right-side gaze shifts,
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Figure 6: Pair-wise visual-semantic probing in latent Group 3. (A) MIG-Vis synthesis from
a frontal-view face. (B) MIG-Vis synthesis from a strawberry. These results show that different
dimension pairs within the same latent group encode distinct, fine-grained visual-semantic attributes.
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Figure 7: (A) Pair-wise visual-semantic feature investigation within latent Group 2. Results of
MIG-Vis from probing a table object. (B) and (C): Neural manifolds of two latent groups.

whereas strawberries show intra-category changes and surface darkening. For [4, 6], perturbations
deform facial features and alter viewpoint in faces, but induce shape flattening and stripe variations
in strawberries.

With these semantic probing visualizations produced by MIG-Vis, we gain insight into the structure
of the high-dimensional neural space in the higher visual cortex. Here, we illustrate plausible neural
manifolds within example subspaces.

For the latent dimensions associated with Group-1 (pose), increasing v produces systematic ro-
tational changes across all object categories (Fig. ). However, the direction of rotation depends
on the object: faces rotate clockwise while cars rotate counterclockwise. A similar pattern is ob-
served for strawberries and tables. This indicates that perturbations along these latent dimensions
consistently encode a rotation semantic, regardless of object identity. In other words, manipulating
the same latent axis always induces rotation, even though the visual manifestation of that rotation
may differ across categories. This observation suggests that the underlying geometry of the latent
space in these dimensions is structured rather than linear. A natural hypothesis is that the manifold
along these dimensions resembles a torus (Fig.[7B). In this view, different object categories occupy
different locations on the toroidal manifold: cars and tables lie closer on one side, while faces and
strawberries lie closer on the opposite side. When a latent perturbation is applied (vertical arrows
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in Fig. [7B), its projection onto the toroidal manifold induces motion along the surface in opposite
directions for different object regions. This results in clockwise rotation for some objects and coun-
terclockwise rotation for others. Crucially, despite these differences in local behavior, the semantic
meaning of movement along this latent axis remains consistent across categories: it corresponds to
object rotation. We therefore interpret these dimensions as forming a globally consistent semantic
manifold in neural latent space.

In contrast, the latent dimensions associated with Group-3 (intra-category) exhibit a fundamen-
tally different behavior. For example, when perturbing a face along dimension 1 versus dimension 2
with changing -, we observe distinct semantic changes such as gaze direction and feature forma-
tion. However, applying the same perturbations to a different object, such as a strawberry, produces
entirely different semantic variations, such as changes in texture smoothing or stripe patterns. This
stands in sharp contrast to the Group-1 pose dimensions, where latent perturbations consistently cor-
respond to the same semantic transformation across objects. Here, the same latent directions do not
induce a shared semantic effect when applied to different object categories. This suggests that the
underlying manifold in this subspace is substantially more complex and nonlinear (e.g., Fig. [7[C).
Rather than forming a globally structured surface like the toroidal rotation manifold in Group-1,
the geometry here appears warped and irregular. Perturbations along different latent axes project
onto the manifold in different ways: some may induce motion along a locally structured trajectory
(e.g., along an “8-shaped” curve), while others act in directions that are effectively orthogonal to
it. As a result, the semantic interpretation of these dimensions becomes object-dependent. Unlike
the globally consistent rotation semantics observed in Group-1, no shared transformation emerges
across categories. Instead, semantic meaning can only be interpreted locally, relative to each ob-
ject’s position on the manifold. Taken together, this indicates that while some latent subspaces
encode globally consistent semantics (e.g., pose), others correspond to highly warped intra-category
manifolds whose effects are inherently local rather than universal.

Thus, MIG-Vis serves as an intuitive tool for visualizing neural manifolds and generating hypothe-
ses, while also pointing toward future neuroscience research on formally characterizing the geometry
of neural subspaces in higher visual cortex.

4.4 NEURAL RECONSTRUCTION EVALUATION Table 1: Neural reconstruction quality compar-
isons on IT cortex dataset. We report the mean
and standard deviation of explained variance
(R? in %) over five runs.

To verify that our neural VAE module maintains
high-quality neural reconstruction with the par-
tial correlation regularization and weak label su-
pervision, we quantitatively evaluated its perfor-

mance. Table[I|presents the R-squared (R? in %) Subject Method R*(%) 1

values for both macaques, comparing our mod- Standard VAE | 78.62 (£0.58)
ule to standard unsupervised VAE. These results M1 Ours w/o Sup. | 76.90 (£0.53)
demonstrate that the neural reconstruction quality Ours w/o PC. | 77.30 (+0.62)
is well-preserved, incurring only a marginal per- Ours 76.58 (£0.64)
formance drop compared to the standard VAE. We Standard VAE | 83.72 (+0.47)
hypothesize that the weakly-supervised labels in- Ours w/o Sup. | 82.39 (+0.59)
duce a rotation of the neural latent subspace while M2 Ours w/o PC. | 82.21 (+0.55)
preserving the information necessary for recon- Ours 81.86 (£0.51)

struction. From the R? results of ablation studies
on our VAE module’s two introduced terms, we observe that each has only a minimal negative im-
pact on neural reconstruction. We also plot the raw neural signals and their reconstruction across
dimensions for four selected trials in Fig. [§]in the Appendix [A.4]

5 CONCLUSION

Our contributions can be summarized into the following points: (1) Leveraging advanced neural
latent variable models, this is the first work to explore neural representations with semantic selec-
tivity in the higher visual cortex from electrophysiological data. (2) To interpret the visual-semantic
features encoded within a specific neural latent group, we use a DDIM-based deterministic image
editing approach with a proposed mutual information maximization objective. (3) The edited stim-
uli faithfully demonstrate distinct and high-level visual features, verifying the semantic selectivity
within these inferred neural latent groups. Our work offers a critical step toward understanding the
compositional, multi-dimensional nature of visual coding in the primate visual cortex.
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APPENDIX

A DETAILS OF THE MIG-VIS METHOD

A.1 MODEL TRAINING DETAILS

For the partially disentangled neural VAE, we employ an architecture consisting of a two-layer MLP
for both the probabilistic encoder and the probabilistic decoder networks. Each MLP uses ReLU
activations. For the neural latent dimension number & to both the two macaques, we set k = 24
and partition it into four distinct latent groups, each of dimension 6 (i.e., group rank equals to 6).
This group rank setting provides the expressiveness to model complex visual semantic factors (e.g.,
inter-category variations) within a unique latent group. For latent group 1, we weakly supervise its
learning with the 3D rotation angles of the object provided in the dataset; for latent group 2, we use
the 8-way category identity labels (e.g., “Animals” as integer label 0, “Boats” as integer label 1);
latent groups 3 and 4 are learned in a fully unsupervised manner. We use a learning rate of 1 x 1073
and set partial correlation penalty pc_weight to 5 x 10~° on both two macaques. We use the
Adam Optimizer Kingma & Ba|(2014) for optimization.

For the image diffusion model, we downsample the grayscale images to a resolution of 1 x 128 x 128
and train the diffusion model on the resulting inputs. We augment the dataset using random horizon-
tal flips to improve model generalization. We adopt the architecture of the image diffusion denoiser
as the U-Net (Ronneberger et al., 2015). We adopt the e-parameterization in our diffusion model
for improved training stability, given the relatively small dataset size and diffusion timestep settings.
The diffusion timestep is set as 150. The embedding input dimension to the U-Net architecture is
set as 64 and the U-Net has three down-sampling and up-sampling layers. The training batch size is
set as 64. We train the U-Net denoiser model on 40, 000 iterations with a learning rate of 2 x 10~
All experiments are conducted using PyTorch on a compute cluster equipped with NVIDIA A40
GPUs. The training phase of the image diffusion model takes approximately 20 hours. We also ap-
ply exponential moving average (EMA) with a decay rate of 0.98 to stabilize training and improve
generalization.

A.2 DERIVATION OF THE NOISE-FREE PREDICTION y

We here elaborate the approximation of the clean image sample ¥y, as used in Section It is
computed from the perturbed data point y; and the prediction of the denoiser model €y (y:, t).

As in the forward process of diffusion models, given a clean stimulus image yy, it generates a noisy
sample y; by gradually adding Gaussian noise through the following closed-form equation:

yi=+vayo+vV1l—are, e~N(0]I). (7)

The above re-parameterized forward process represents y; as a linear combination of the clean image

Yo and the Gaussian noise €. By rearranging the above equation, we obtain an exact expression for

the original image sample yq:

1

= — —v1- . 8

Yo e (Yt Qg 6) 3

As the true noise € is unknown during the sampling phase, it is approximated by the learned denoiser
neural network €y (y,t). Inserting this estimate into the expression above provides an approxima-

tion of the clean image yg:

N 4 (\/1 - at) €(yi,t)

Yo = \/()Tt )
this formula is used consistently across both DDPM and DDIM frameworks to obtain a noise-free
approximation of the original image from the noisy sample at each timestep.

A.3 GROUP-WISE DISENTANGLED NEURAL LATENT SUBSPACE INVESTIGATION
To ensure that the neural VAE module within the MIG-Vis framework maintains high-quality neural

reconstruction along with the partial correlation disentanglement regularization and weakly super-
vised label guidance, we present the quantitative neural reconstruction results of both two macaques

13
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in Table which records the R-squared values (R?, in %) and RMSE of our module and the standard
unsupervised VAE. These results indicate that the neural reconstruction quality is well-preserved,
with only a slight performance drop compared to the standard VAE.

A possible explanation is that the weakly-supervised labels rotate the neural latent subspace in a
way that preserves most of the information necessary for reconstructing the neural activity. This
observation is reasonable, given that these labels can be accurately decoded from the neural activity
itself. Furthermore, we evaluate the disentanglement quality of the inferred latent subspace using
the widely adopted Mutual Information Gap (MIG) metric (Chen et al.| 2018), also reported in
Table 2] The results demonstrate that the neural latents learned by MIG-Vis are significantly more
disentangled than those of the standard VAE.

Table 2: Performance report of our neural VAE module and a standard VAE on IT cortex neural
activity from macaque M1 and M2. We report explained variance (R?), root mean squared error
(RMSE), and mutual information gap (MIG) to assess reconstruction accuracy and latent disentan-
glement. Results are averaged over 5 runs; bold numbers indicate the highest MIG score on each
subject.

Metrics \ Method MI M2
Standard VAE Ours Standard VAE Ours
R?(%) 1 78.62 (+£0.58) 76.58 (£0.64) | 83.72 (+£0.47) 81.86 (£0.51)
RMSE | 48.49 (£0.39) 50.47 (£0.39) | 40.77 (£0.28) 43.44 (£0.35)
MIG(%) t 33.27 (+£0.82) 44.23 (+£0.61) | 28.65 (£0.71) 49.85 (£0.55)

Table 3: Explained variance of neural signals from the supervised and unsupervised neural latents
of the two macaques M1 and M2.

Subject  Metrics Full Latents  Supervised Latents Unsupervised Latents

Mi BT T613(£027) 3250 (+0.19) 20.88 (+0.25)
RMSE | 48.86(+0.21)  80.75(+0.28) 88.95 (40.29)
o BT TL82(£028)  28.11(+0.22) 19.63 (£0.17)
RMSE |  53.09(+0.16)  84.79 (+0.32) 89.65 (40.31)

A.4 NEURAL SIGNAL RECONSTRUCTION

B DETAILED MUTUAL-INFORMATION MAXIMIZATION GUIDANCE
ALGORITHM

Algorithm 1 Synthesize Stimulus Image for Semantic Latent Group Discovery

Input: Target Neural Latent Group z,, Guidance Scale 7, Sampling Step ¢’
Output: Synthesized Image Stimulus with Guidance y

Initiate Original Image Stimulus y
fort =1tot do

L yi = o:il Vi1 + ( a% —1- \/afl_l — 1) ~€p(yi—1,t) > DDIM Inversion
fort =1t'to1do
é(yt,t) = €o(yt,t) + 1 Vy, Ln (D) > Mutual Information Guided Gradient

yir = /2 v+ (o -1 & 1) et > Guided DDIM Sampling
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Figure 8: (A) Raw Neural signals and the reconstructions from the neural LVM module in MIG-Vis
on the M1 subject. (B) Raw Neural signals and the reconstructions from the neural LVM module in

MIG-Vis on the M2 subject.
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Figure 9: Neural latent group number G analyses. (A) Synthesized images of MIG-Vis from
probing a frontal-view human face. (B) Synthesized images of MIG-Vis from probing a car object.
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Figure 10: InfoNCE negative sample B analyses in Group-1 (Pose). (A) Synthesized images
of MIG-Vis from probing a frontal-view human face. (B) Synthesized images of MIG-Vis from

probing a car object.
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