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Abstract

In recent years, the alignment between artificial neural network (ANN) embed-
dings and blood oxygenation level dependent (BOLD) responses in functional
magnetic resonance imaging (fMRI) via neural encoding models has significantly
advanced research on neural representation mechanisms and interpretability in
the brain. However, these approaches remain limited in characterizing the brain’s
inherently nonlinear response properties. To address this, we propose the Jacobian-
based Nonlinearity Evaluation (JNE), an interpretability metric for nonlinear neu-
ral encoding models. JNE quantifies nonlinearity by statistically measuring the
dispersion of local linear mappings (Jacobians) from model representations to
predicted BOLD responses, thereby approximating the nonlinearity of BOLD
signals. Centered on proposing JNE as a novel interpretability metric, we vali-
dated its effectiveness through controlled simulation experiments on various ac-
tivation functions and network architectures, and further verified it on real fMRI
data, demonstrating a hierarchical progression of nonlinear characteristics from
primary to higher-order visual cortices, consistent with established cortical orga-
nization. We further extended JNE with Sample-Specificity (JNE-SS), revealing
stimulus-selective nonlinear response patterns in functionally specialized brain
regions. As the first interpretability metric for quantifying nonlinear responses,
JNE provides new insights into brain information processing. Code available at
https://github.com/Gaitxh/JNE.

1 Introduction

In recent years, researchers have made significant progress in constructing interpretable computational
models of the brain by aligning artificial neural network (ANN) representations with functional
magnetic resonance imaging (fMRI) signals [1, 2, 3, 4, 5, 6]. These studies have typically been based
on the neural encoding model framework, wherein hierarchical embeddings from ANNs are used
as input features to predict voxel-level neural responses (i.e., blood oxygenation level dependent
responses in this study) using either linear models (e.g., ridge regression)[2, 7, 8, 9] or nonlinear
regression models (e.g., deep neural networks)[10, 11, 5, 12], and the prediction performance is
evaluated by metrics such as the coefficient of determination (R?) or Pearson correlation coefficient
(r)[11, 13, 14] (see Fig.1a). Based on this framework, a substantial body of work has shown that
ANN-derived embeddings correspond well with the spatial distribution of functional brain regions
in language [3, 4, 15, 16], vision [2, 17], and multimodal tasks [8, 18, 19]. With the advancement
of neuroscience research, it has been observed that the brain’s responses to external stimuli exhibit
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Figure 1: Comparison of brain encoding frameworks and nonlinearity analysis approaches.
a. Neural encoding aligns ANN representations with fMRI BOLD responses via linear/nonlinear
models to predict voxel responses. b. Nonlinearity estimation via R? ratios between linear/nonlinear
models fails when deep features embed nonlinearities, yielding comparable R? and poor regional
discriminability. ¢. JNE characterizes BOLD nonlinearity by statistically measuring Jacobian
dispersion across inputs, showing higher discriminability across regions.

marked nonlinear characteristics. Numerous studies have demonstrated the nonlinear nature of neural
responses [10, 11, 20, 21, 22, 23, 24, 25, 26]. However, key questions such as how to quantitatively
characterize the degree of blood oxygenation level dependent (BOLD) response nonlinearity and how
it is distributed across the cortex remain insufficiently addressed by systematic studies and theoretical
frameworks.

Current neural encoding models face fundamental limitations in terms of nonlinear interpretability:
linear neural encoding models can only establish simple mappings and fail to capture higher-order
nonlinear features, while nonlinear neural encoding models are difficult to interpret due to their
inherent “black-box” nature [11]. Therefore, quantitatively interpreting the nonlinear characteristics
of neural encoding models has become a critical challenge. A common strategy is to infer the
degree of nonlinearity in a given brain region by comparing the prediction performance of linear
and nonlinear neural encoding models in that region [27, 28, 29]. However, this strategy essentially
reflects only performance differences between models and fails to accurately reveal the intrinsic
nature of BOLD response nonlinearity (see Fig.1b and Section 3.2).

To address the above issues, we propose a novel interpretability metric for nonlinearity—Jacobian-
based Nonlinearity Evaluation (JNE)—designed to quantify the nonlinear characteristics of neural
encoding models, thereby approximating voxel-level BOLD nonlinearity. The core idea is to calculate
the local linear mappings (i.e., local derivatives, also known as Jacobian matrices) of the neural
encoding model under different input stimuli, and to evaluate the level of nonlinearity by statistically
measuring their variability across inputs (theoretical description in Section A.1). Intuitively, an ideal
linear neural encoding model should maintain a constant mapping across different inputs, resulting in
a JNE value of 0; in contrast, if the model exhibits significant nonlinearity, the Jacobian matrices will
vary across inputs, yielding a higher JNE value. Centering on JNE, we validate via simulations for
nonlinearity quantification, then apply to fMRI for approximating visual cortex BOLD nonlinearity.
JNE serves as a conditional interpretability metric for approximating voxel-level BOLD nonlinearity,
rather than a direct neural measure, due to BOLD confounds. In summary, the main contributions of
this study include:

* We propose JNE as a novel interpretability metric for nonlinear neural encoding models,
which quantifies nonlinearity by statistically measuring the dispersion of input-output
Jacobian matrices (Section 2.4), and theoretical derivation indicates that JNE can serve as an
approximate measure of BOLD response nonlinearity (Section A.8). Controlled simulation
experiments validate the effectiveness of JNE in quantifying the nonlinearity of output
responses (Sections 3.1 and A.7);

* Our results demonstrate that inferring nonlinear properties by comparing R? values be-
tween linear and nonlinear neural encoding models is insufficient to reveal the brain’s
nonlinear responses, especially when deep visual representations already embed nonlinear
transformations (Section 3.2);

» We find that the primary visual cortex tends to exhibit more linear responses, while higher-
order visual cortices show stronger nonlinear characteristics under natural visual stimulation
(Section 3.3). Overall, a hierarchical structure emerges with increasing nonlinearity from
the primary to intermediate to higher-order visual cortex (Section 3.4);

* We further define JNE-SS (Section A.10), which characterizes the nonlinear properties of
individual samples at specific voxels. Our results indicate that BOLD response nonlinearity
exhibits sample-selective preferences (Section 3.5).



2 Methods

2.1 fMRI Dataset Description and Feature Extraction

In this study, we used the Natural Scenes Dataset (NSD) [30], which provides whole-brain 7T fMRI
responses from multiple subjects while viewing natural scene images. We focused on four subjects
(S1, S2, S5, S7) who completed the full experimental protocol as the primary participants in our
analysis. Each image and its corresponding averaged beta map were treated as a single sample. The
dataset was split into training, validation, and testing sets with a ratio of 8:1:1 (8000:1000:1000
samples), ensuring no subject overlap between the training and validation sets, while the test set
included repeated samples across subjects. We employed the pre-trained CLIP-ViT [31]' image
encoder to obtain computational representations of the visual stimuli (Fig. 2a). Model performance
was evaluated using 2, and statistical significance was assessed through bootstrap resampling and
FDR correction to identify statistically significant activated voxels (see Section A.2 for details).

2.2 Linear and Nonlinear Neural Encoding Models

The general neural encoding model can be formulated as follows:

9= rf() ey
where = denotes the feature space of external stimuli, £} is the predicted brain activity space (i.e.,
BOLD responses in this study), and f() denotes the function of neural encoding models. Specifically,
the computational representation of visual images spans the feature space, and the preprocessed beta
maps serve as the brain activity space (y). We constructed both linear and nonlinear neural encoding
models in simplified form. Each model consisted of four fully connected layers with skip connections,
where the nonlinear neural encoding model additionally incorporated ReLU activation functions
between layers (as shown in Fig.2b, and more details in Section A.3).

2.3 Computation of the Jacobian Matrix

The Jacobian matrix characterizes the local linear mapping between the representations (X) and the
predicted neural responses (£)). It reflects the sensitivity of the neural encoding model to variations in
the input. Upon completion of model training, we fixed the parameters of the neural encoding model
and input the test set data to obtain the corresponding predictions. Given the i-th sample z; 2 R” in
the test set and the prediction of the nonlinear neural neural encoding model §; = f(z;) 2 R, the
Jacobian matrix JM; can be calculated by taking the derivative of the model’s output {}; with respect
to its input z; as follows:
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We denote the collection of Jacobian matrices of all testing samples as JIM 2 RVXPXM \where

D = 768 is the dimensionality of the representation in CLIP-ViT, N = 1000 is the sample size of
the test set, and M is the number of voxels in the brain. Notably, we adopt a forward-mode analytical
differentiation approach (Section A.4) to compute Jacobians, accelerating the process by over 99.9%
compared to traditional backward-mode automatic differentiation.

2.4 Jacobian-based Nonlinearity Evaluation Index

To systematically quantify the nonlinearity characteristics, this study proposed the Jacobian-based
Nonlinearity Evaluation index (JNE). This metric established a deviation measure from the linear
superposition principle in neural response systems by analyzing inter-sample statistical properties of
Jacobian matrices. The computational workflow is defined as follows:

Step 1: Jacobian matrix centralization

— _.EE‘}(; . DxM
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i=1
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Figure 2: Framework for representation extraction, neural encoding model, and JNE Compu-
tation. a. Extract ANN representations from images using the CLIP image encoder. b. Use the
extracted representations in (linear/nonlinear) neural encoding model to predict brain responses to
images. ¢. Compute the Jacobian matrix to represent the mapping relationship between inputs and
outputs of the neural encoding model. Further, calculate the mean, sum, and standard deviation of the
Jacobian matrix to obtain the JNE metric.

This operation constructed a baseline linear mapping matrix by eliminating stimulus-specific idiosyn-
crasies through sample averaging.

Step 2: Sample-specific deviation computation
s IM; =kIM;  IM,,canks 2 RM 4)

A Manhattan norm (K K;) contraction along the feature dimension (D-axis) yields an L1 deviation
vector in voxel space for each sample. This metric quantified the absolute deviation between local
linear approximations (per-sample Jacobians) and the global averaged mapping. Empirical tests in
Section A.9.2 show that both L1 and L2 norms yield highly consistent JNE spatial patterns, but we
adopt L1 for its robustness in high-dimensional settings [32, 33, 34].

Step 3: Mean absolute deviation estimation

1 X
u=E[s JM]ZN s IJM; 2 RM (5)

i=1

This calculated the cross-sample averaged absolute deviation, establishing a baseline reference for
fluctuation intensity of mapping relationships at the voxel level.

Step 4: Nonlinear dispersion quantification
v
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By computing voxel-wise standard deviations (o ( )), this precisely characterized the dispersion of
mapping relationships across stimuli. This statistic intrinsically reflects second-moment features
of Jacobian matrices in sample space, with higher-order nonlinear systems exhibiting significant
o-value growth. Thus, JNE quantifies nonlinearityvia Jacobian dispersion statistics, approximating
voxel-level BOLD nonlinearity. The complete flow of JNE calculation is shown in Fig.2c.

Mathematically, the JNE metric rigorously corresponds to the quantitative evaluation of the homo-
geneity and superposition principles in linear systems:

* In an ideal linear neural encoding model, where IM;  IM,,cqn, INE,, = 0;

* Nonlinear mechanisms induce sample-dependent Jacobian shifts, with dispersion JNE,,, monotoni-
cally increasing with nonlinearity strength.

Critically, both input features and output beta maps were z-score normalized prior to model training
and JNE computation. This standardization ensures that the input space, output space, and mapping
space operate under consistent scale assumptions, enabling meaningful comparison of Jacobian
variability across voxels and brain regions. Therefore, the proposed metric inherently circumvents
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Figure 3: Validation of the JNE metric in controlled simulation experiments. a. Simulated neuron
model; b. Comparison between the normalized JNE (min-max normalization) and the response
curves of the normalized second-order derivatives (absolute value and min-max normalization) of
various activation functions(Response curves, 1st and 2nd derivatives of the four activation functions
in A.5); ¢. Schematic of the ANN-based simulation framework, where the model consists of a
three-layer fully connected residual network. Loc1 and Loc2 represent pluggable activation function
modules that serve as controllable sources of nonlinearity; d. Binary configurations of activation
function placement (0 indicates absence, 1 indicates presence); e. Comparison of JNE values across
four activation functions under different activation placement configurations (mean+std).

cross-regional scale normalization—the magnitude of standard deviation directly encodes biological
sensitivity differences in neural responses. Stimulus-sensitive brain regions (e.g., early visual
cortex) naturally exhibit greater Jacobian variability across inputs, which mathematically aligns
with the sample-dependent characteristics of nonlinear mechanisms. This approach preserves neuro-
physiological interpretability while providing a unified measurement benchmark for cross-regional
nonlinearity comparisons.

3 Results

3.1 Simulation-Based Validation of JNE

Single-neuron-level validation of activation functions. To validate the ability of JNE to accurately
characterize system-level nonlinearity, we first constructed a simple and controllable simulation
framework. Specifically, we focused on four commonly used activation functions—ReLU, Leaky
ReLU, GELU, and Swish—and designed a minimal neuron model consisting solely of input, nonlinear
transformation, and output (Fig.3a). JNE essentially measures the “statistical dispersion” of the local
linear mappings (i.e., Jacobians) of a neuron’s response to input perturbations across samples. Given
an activation function ¢(z), its first derivative ¢'(x) corresponds to the Jacobian matrix. If ¢'(z)
varies significantly within a local neighborhood [z §, z + §], it indicates that the neuron’s response
exhibits non-uniform shifts with input changes—thus violating linear assumptions. When § ¥ 0,
this rate of change can be described by the second derivative ¢ (x). Therefore, in theory, the second
derivative of ¢(x) can serve as a structural reference for JNE: a larger ¢” (x) implies stronger local
nonlinearity, which should be reflected by a higher JNE value. In our experiment, inputs were defined
over the range [ 10, 10], and a sliding window [z ¢, z + 6] (with 6 = 0.001 and a step size of 0.02)
was used. For each central point z, we sampled 1001 perturbed inputs within the local window and
computed the sequence of first derivatives of the activation function to calculate the JNE value. This
process was repeated over the entire input range to produce JNE curves, which were then compared
to the second derivative curves of the corresponding activation functions.

As shown in Fig.3b, the JNE curves closely resemble the structural patterns of the second derivatives
for all activation functions. Smooth functions like GELU and Swish exhibited high JNE values over
broad input ranges, whereas Rel.U only produced a peak around its discontinuity at z = 0, with
a value of zero elsewhere. Additionally, JNE was strictly zero in linear regions of the activation
functions, validating its theoretical soundness. However, it is worth noting that JNE measures the
dispersion of local linear mappings across input samples, which correlates with the magnitude of
second derivatives in theory, but is not identical due to its statistical nature.
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Figure 4: Comparison of prediction performance between linear and nonlinear neural encoding
model. a. Prediction performance (R2) of the linear neural encoding model. b. R? of the nonlinear
encoder. ¢. 2D histogram of linear and nonlinear neural encoding model performance relative to
the noise ceiling (calculation in [30]) of significantly activated voxels and the 80% noise ceiling.
For visualization purposes, only voxels with prediction performance significantly higher than chance
(P<0.05, FDR corrected, one-sided t-test) are displayed in the brain maps.

V1 V2 V3 v4 EBA

| r=0.82 r=0.85 r=10.93 r=0.95 r=0.99
0 Density 50 08

10| Brain, r=0.98 b

RSC OPA FFA-1 FFA-2
r=10.99 r=0.98 r=10.99 r=1.00

0.0 0.2 0.4 0.6 0.8 10 00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
Linear encoder performance (R?)

Nonlinear encoder performance (R?)

Figure 5: Scatter plot comparison between linear and nonlinear neural encoding models. Scatter
plots comparing the R? of linear and nonlinear neural encoding models across the whole brain and 10
regions of interest (ROIs) defined by the HCP-MMP atlas [35]. The Pearson correlation coefficient
between the R? sequences of the two models is also reported.

Network-level validation via ANN-based simulation. To further assess JNE’s practical utility in
multilayer network structures, we developed an ANN simulation framework (Fig.3c). The model
consisted of a three-layer fully connected residual architecture and was not subject to any training—it
was used solely for forward propagation to obtain the Jacobian matrices between inputs and outputs.
Nonlinearity was introduced via two plug-in locations (Locl and Loc2), where activation functions
could be flexibly inserted in a fully controlled manner (Fig.3c and d). This setup allowed us to
systematically evaluate JNE’s sensitivity to different nonlinear configurations without altering the
overall network architecture. To simulate the real neural encoding models used in this study, we set the
input dimension to 768 (mimicking CLIP-ViT image representations) and generated an input matrix
of size 1000 768, with the corresponding output being a simulated response vector of size 1000 1.
For each input sample, we computed the Jacobian of the output with respect to the input and evaluated
the overall nonlinearity using the standard JNE pipeline. We conducted comparative analyses for
four activation functions under different Loc1/Loc2 configurations (none/shallow/deep/both layers).
Each configuration was sampled 200 times to ensure stable statistical estimates (see Section A.6 for
details).

As illustrated in Fig.3e, the JNE value was zero under the ideal linear system (no activation function),
consistent with theoretical expectations. Upon the introduction of activation functions, JNE values
increased significantly. Interestingly, we observed that the position of the nonlinearity affected the
results: configurations with activations in the deeper layer (Loc2) generally yielded higher JNE values
compared to those in the shallow layer (Loc1), and the two-layer configuration led to the strongest
nonlinearity. This trend was consistent across all activation functions, revealing an activation-invariant
pattern.

These results demonstrate that INE not only reconstructs the intrinsic nonlinear structures of activation
functions at the theoretical level but also reliably detects and quantifies diverse sources of nonlinearity



Figure 6:Nonlinear distribution in the brain. a . Activation map of JNE across the brain, illustrating
the spatial distribution of model-predicted BOLD response nonlinedritiean JNE values across
the whole brain and 10 visual ROIs (mezitd). c. INE distribution across the whole brain and 10
visual ROIs, with the x-axis indicating density.

in complex networks—validating its effectiveness as a nonlinearity metric, paving the way for
approximating BOLD nonlinearity in fMRI.

3.2 Nonlinearity Analysis Based on Neural Encoding Models Comparison

As a response to the introduction, this paper begins by addressing a central question: Can we infer
the nonlinearity of individual voxels by comparing tRé of linear versus nonlinear neural encoding
models? As a rst step, we extracted embedding features from the nal layer of CLIP-ViT and aligned
them to fMRI responses using both a linear and a nonlinear neural encoding model, respectively.
Fig.4 presents the relevant results for Subject 1 (all results in the main text refer to Subject 1; other
subjects in Section B).

As shown in Figs.4a and 4b, both types of models exhibit highly consistent predictive performance
across the whole brain, with activations primarily concentrating in the primary, intermediate, and
higher-order visual cortices, as well as parts of the prefrontal cortex. Furthermore, we observed that
both models achieved predictive performance close to the noise ceiling for many voxels (Fig.4c),
with some voxels even exceeding 80% of the noise ceiling. This indicates that both linear and
nonlinear neural encoding models can effectively account for voxel responses in the held-out test
data (explaining up to 74% of the response variance). To further assess the consistency of the two
models in predictive performance, we conducted a correlation analysis betweRf skeguences of

the linear and nonlinear neural encoding models across the whole brain and within ten prede ned
vision-related ROIs (Fig.5). Results show strong positive correlations betwe®&? thequences

of the two models in all ROIs, with the lowest Pearson correlation observed in V1r(mih82),
indicating a strong relationship between the activation patterns of the two neural encoding models.

Together, these ndings support the notion that when the deep features of a visual encoder have
already suf ciently captured the nonlinear transformations of visual information, a linear neural
encoding model can still effectively t neural response patterns (Fig.1b, demonstrating the high
similarity between linear and nonlinear neural encoding models). In other words, the difference in
predictive performance between linear and nonlinear neural encoding models becomes marginal,
making it unreliable to infer nonlinearity solely based on model performance comparisons. To address
this limitation, we proposed JNE, a concise and principled metric for characterizing nonlinearity. In
the following section, we apply JNE to fMRI data as real-world validation.

3.3 Spatial Distribution of BOLD Response Nonlinearity in Visual Cortex

Fig.6a illustrates the spatial distribution of JNE across the cortical surface. We observed that the
nonlinearity of neural responses was not uniformly distributed across the brain but was instead



Figure 7:Hierarchical analysis of nonlinear characteristics in visual cortex. a Bar plot com-
parison of mean JNE values across primary, intermediate, and higher-order visual cdrtices;
Distributional differences in JINE across the three cortical lewelSjgni cance matrix of pairwise

JNE differences among primary, intermediate, and higher-order visual cortices (one-sideatest,
0.05), where entry (i, j) = 1 indicates that corfexxhibits signi cantly higher JNE than cortgxd.
Region-level visualization of hierarchical nonlinearity based on the signi cance matcixGolors
represent cortical levels (primary = black, intermediate = red, higher-order = yellow), not voxel-wise
speci city. This visualization validates the consistent hierarchical trend across the visual cortex.

concentrated in higher-order cortical regions—including higher-order visual cortices, the temporo-
parietal-occipital junction (TPQJ), and parts of the prefrontal cortex. Figs.6b-c and Fig.17 further
guantify the statistical characteristics of INE across the whole brain and within ten prede ned ROIs.
The Primary Visual Cortex (PVC-V1) exhibited the lowest mean JNE values, with a distribution
tightly concentrated in the low-value range, suggesting that neural responses in this region are more
consistent with linear characteristics.limermediaté/isual Cortex (IVC-V2, V3, V4), JNE values
showed a moderate increase and broader spread, indicating the presence of moderate nonlinear
response components. In contrasigher-ordeVisual Cortex (HVC-EBA, PPA, RSC, OPA, FFA-1

and FFA-2) demonstrated the highest JINE values, with distributions skewed toward higher values.
This pattern suggests that these regions exhibit more pronounced nonlinear response properties,
approximating hierarchical BOLD patterns. Collectively, these results indicate that brain regions
exhibiting stronger JNE values, approximating hierarchical BOLD nonlinearity in higher-order
cortices, which are typically involved in advanced information integration and abstract semantic
processing.

3.4 Hierarchical Progression of Nonlinearity Across the Visual Cortex

Furthermore, we observed a hierarchical progression of JINE-approximated BOLD nonlinearity across
the visual cortex. As shown in Fig.7a, bar plots comparing JNE across primary, intermediate, and
higher-order visual cortices reveal a clear trend: the number of voxels exhibiting high JINE values
increases with cortical hierarchy. Fig.7b further illustrates the distribution of INE values within each
visual cortical tier. In PVC, JNE values are predominantly concentrated in the lower range. In IVC, the
distribution broadens with a slight shift toward higher values. In contrast, HVC displays a signi cantly
right-skewed distribution with a pronounced long-tail pattern, indicating stronger nonlinear response
characteristics. Figs.7c and 7d present heatmaps and statistical comparisons that highlight the
signi cant differences in INE across the three cortical levels. These results reveal a robust, layer-wise
enhancement of nonlinearity across the visual hierarchy—i.e., primary < intermediate < higher-order
visual cortex. These ndings suggest that JNE, as applied to the neural encoding model, uncovers a
progressive nonlinear hierarchy in the predicted BOLD responses across the visual system, beginning
in the primary cortex, transitioning through intermediate areas, and peaking in higher-level regions
(Fig.7d). This hierarchical organization of BOLD response nonlinearity aligns well with previous
neurophysiological evidence supporting functional strati cation across the visual c86&87, 38].

3.5 Sample Selectivity of BOLD Response Nonlinearity

To characterize the sample-speci ¢ nonlinear responses of different brain regions to visual stimuli, we
further introduced théNE with SampleSpeci city (JNE-SS RN M | theoretical details in Section
A.10). In brief, INE-SS quanti es the degree of nonlinearity in a voxel's response to individual image



Figure 8:Sample-speci c analysis of brain nonlinear encoding. aThe test set of 1,000 images

was divided into 43 categories and sorted by category; the top 5 images in each category were selected
for display (see detailed results in Fig.13). MoM was computed across the whole brain and
within 10 prede ned ROlsc. The results inl§) were normalized within each ROI using min-max
normalization to re ect category preferences of each ROI. Note that the heatmap in Fig. 8c applies
min-max normalization within each ROI, which may attenuate visual differences in absolute MoM
values. For quantitative comparisons across regions, we refer to Table 5 in Section A.12, which
reports MoM values without applying min—max normalization.

stimuli: a lower JNE-SS value for a voxel-image pair indicates that the voxel exhibits a more linear
response preference for that speci ¢ stimulus, whereas a higher value implies stronger nonlinear
tuning. For practical analysis, we rst applied t-SNE for 2D embedding of all image stimuli and
then performed K-means clustering to categorize them into 43 clusters. This clustering structure
preserved a meaningful continuum along the dimension of semantic complexity (Fig. 8a; more details
in Section A.11). Subsequently, we computeditheanof JNE-SS (MoR2 R*® M) for each voxel
across image clusters, and further derivedNteanof MoJ (MoM 2 R*® 11) at the whole-brain

and ROI levels (including the whole brain and 10 ROIs). This metric re ects the variation in BOLD
response nonlinearity elicited by different image categories across brain regions.

The result reveals that MoM values are generally lower in primary and intermediate visual cortices,
while notably higher in higher-order visual areas—patrticularly the EBA (Fig. 8b, Fig. 21a), cor-
roborating our previous ndings in Fig. 6. Additionally, EBA maintains consistently high INE-SS
values across multiple image categories, suggesting a potentially central role of EBA in mediating
nonlinear visual processing. Further examination of regional nonlinearity preferences for speci c
image types revealed additional insights (Fig. 8c, Fig. 21b). Images depicting outdoor scenes or
complex backgrounds evoked stronger nonlinear responses in PPA and RSC, while stimuli involving
people or faces induced pronounced nonlinear uctuations in FFA and EBA. These ndings align
with the known functional speci city of these region2, 30, 39, 40, 41]. Interestingly, we also
observed broad nonlinear responses in primary and intermediate visual areas across a wide range of
image categories (Fig.21b), contrasting with the more selective tuning seen in higher-order visual
regions.

4 Conclusion and Discussion

In this work, we introduce JNE, a novel interpretability metric for nonlinear models via Jacobian
dispersion, approximating voxel BOLD nonlinearity. Through rigorous simulation experiments
and its application to fMRI data from natural scene viewing, we validate JNE's effectiveness in
discerning hierarchical gradients and stimulus-selective patterns of nonlinearity across the visual
cortex. Importantly, INE evaluates input-dependent variability in the model's local linear mappings
to BOLD signals, serving as a diagnostic tool for encoding model interpretability rather than a direct
assay of intrinsic neural nonlinearity.

The metric deliberately retains scale information in its Jacobian-based standard deviation, as variations
in predicted response amplitudes may encode physiologically relevant differences in neural gain. This
preserves neuroscienti c utility, despite the inherent coupling of gain and nonlinearity. Although JNE
could in principle confound response gain, nonlinearity degree, and input dimensionality, theoretical
derivations (Section A.9.1) and empirical assessments on real data (Section A.9.2) demonstrate that



these confounds are minimal under the constrained architectures and stimulus conditions typical of
neural encoding frameworks.

In real data experiments, our study demonstrates that the nonlinear characteristics of neural responses
exhibit signi cant differences across brain regions (Section 3.3). Speci cally, JNE values are generally
lower in primary cortices and signi cantly higher in higher-order cortices. The elevated JNE values

in higher-order regions suggest that the encoding model must employ more nonlinear mappings to
predict BOLD responses in these areas, which is consistent with the hypothesis that these areas engage
in more nonlinear processing of visual information. However, JNE captures the net nonlinearity of
the input-to-BOLD pathway, which integrates both neural and hemodynamic factors.

In addition, we observed a hierarchical trend of BOLD response nonlinearity within the visual cortex
(Section 3.4). This result reveals a gradient pattern consistent with the hierarchical organization
of the visual processing pathwaygg[ 37, 38]. Speci cally, PSV (V1) is primarily responsible for
processing low-level perceptual features such as edges, orientation, and spatial freg0e3y [

The low JNE values in this region indicate that it may perform only simple linear processing of visual
information. Subsequently, the processed information is transmitted along the dorsal and ventral
visual pathways to IVC and HVC, during which JNE values progressively increase. The observed
monotonic increase in JNE from primary to higher-order visual cortices supports a hierarchical
progression of information processing along the ventral visual stream, consistent with established
models of visual cortical organizatior®,[35, 42, 43, 44]. We note that fMRI responses integrate both
feedforward and feedback signals, and thus JNE captures the net nonlinearity of the system under
natural viewing conditions. Additionally, it suggests that the propagation of visual information in the
brain may follow a progressive pattern from low-nonlinearity (low JNE) regions to high-nonlinearity
(high INE) regions, gradually transitioning from linear to nonlinear processing.

Section 3.5 further supports this view, as re ected in the relatively low MoM values in PVC, contrasted
with the higher MoM values in higher visual cortices (such as PPA, RSC, FFA), which also exhibit
stronger selectivity to different image categories. Moreover, we found that PPA and RSC showed
stronger nonlinear responses to outdoor scenes, whereas FFA displayed highly signi cant nonlinear
responses to faces and human gures. These results corroborate the functional selectivity of these
regions to different stimulig, 30, 45, and also suggest that the higher nonlinearity observed in
these areas may underlie their roles in supporting semantic generalization, contextual integration,
and complex perceptual discrimination—core aspects of high-level visual cognition. Notably, we
also found that even in V1-V4, MoM values increased when images contained rich backgrounds,
multiple objects, or higher visual complexity, revealing a limited yet genuine capacity for nonlinear
modulation in early visual processing stages.

Generally, the primary contribution of this work is the proposal and validation of the INE metric.
While we demonstrate its application in revealing nonlinearity in visual cortex, these results should
be seen as preliminary validations of the method's feasibility.

5 Limitations and Prospects

Despite its contributions, this study has several limitations that suggest avenues for future work. First,
JNE approximately quanti es nonlinearity in mappings to BOLD signals rather than directly to neural
activity. BOLD is an indirect hemodynamic measure confounded by vascular factors (e.g., blood
ow refractory effects and HRF nonlinearity), which cannot be fully separated from neural signals

in standard fMRI. Thus, JNE re ects the composite nonlinearity of the input-to-BOLD pathway,
limiting direct neuronal inferences. While simulations used a controllable ANN framework, we did not
exhaustively assess how activation function count, placement, or type in uences overall nonlinearity,
nor track its evolution during training. Furthermore, the computation of INE essentially depends
on the speci ¢ encoding model architecture and stimulus distribution used. Future studies should
systematically evaluate the consistency of JNE across different model architectures (e.g., CNNs,
Transformers), training objectives (supervised, self-supervised, unsupervised), and stimulus sets,
thereby validating its robustness as a comparative tool. Additionally, no absolute JNE threshold was
de ned to classify voxels as "linear" or "nonlinear," restricting analyses to relative comparisons and
voxel-level conclusions. Moreover, our sample-speci ¢ analysis relied on informal t-SNE ordering
for image categories, lacking rigorous standards. Finer-grained feature/patch-level investigations are
needed to pinpoint what drives region-speci ¢ nonlinear responses.
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A Appendix A

A.1 Theoretical Basis of Nonlinearity Measurement

In a nite-dimensional space, an ideal linear system (here the system refers to a neural encoding
model) should satisfy two fundamental principles: additivityxy + x,) = f (x1) + f (x2)) and
homogeneityf((ax) = af (x)) [46, 47]. These two properties must hold simultaneously for the
system to be formalized as= Wx, whereW is a mapping matrix that remains invariant across
samples. A nonlinear system no longer adheres to this constant mapping. Its input-output relation
f (xj) can instead be locally approximatedyas= W, x;, whereW, denotes the local derivative

(i.e., the Jacobian matrix) corresponding to itkta input sample. Since the system's response to
input perturbations depends on the current inj¥t,varies across samples, thereby violating the
input-invariance property of a linear system.

Based on this analysis, the present study constructs a quantitative measure of deviation from linearity
by evaluating the statistical variation of Jacobian matrices across samples. Speci dallysdmains
consistent across samples, the system can be regarded as linear; conversely, greater vanapility of
indicates a stronger deviation from linearity and hence a higher degree of nonlinearity in the neural
response at that region or voxel.

A.2 fMRI Data Description, Preprocessing, and Statistical Signi cance Evaluation

This study uses the Natural Scenes Dataset (NSQ)) yvhich contains fMRI recordings from eight
subjects passively viewing 73,000 colored natural images over a period of more than 40 hours. The
images are sourced from the MS-COCO dataé8t jvith each image presented for 3 seconds and
repeated three times across 30—40 scanning sessions. Each subject completed approximately 22,000
to 30,000 trials. The fMRI data were acquired using a whole-brain 7T gradient-echo EPI sequence
with a spatial resolution of 1.8 mm and a TR of 1.6 seconds. Single-trial beta maps were estimated
using a customized general linear model (GLM) and released alongside the raw fMR4i€ata [
Following previous studiesif)], the beta maps were normalized (zero mean and unit variance) within
each scan run and averaged across repeated presentations of the same image, serving as functional
measures of brain activity.

In our experiments, each image and its corresponding averaged beta map are considered a sample,
with an 8:1:1 split into training, validation, and test sets (8000:1000:1000 samples). The training and
validation sets involve non-overlapping subjects, while the test set includes repeated samples across
subjects. Notably, S1, S2, S5, and S7 completed the full experimental protocol, and their fMRI data
are used for analysis in this study.

We use the pre-trained CLIP-VIiT modé]] to extract deep visual representations of the stimuli and
construct both linear and nonlinear neural encoding models to predict fMRI responses.

In addition, we use the coef cient of determinatidR?) to assess model performance on the test
set. To determine the statistical signi cance of the predictions, we adopt the approach described
in [2], performing 200 bootstrap resampling iterations on the test data and computing FDR-corrected
P -value thresholds for multiple evaluation metri@s$0]. As a result, all activated voxels reported

in this study exhibit statistically signi cant activation after FDR correction, con rming task-speci c
neural responses under rigorous statistical criteria.

A.3 Training Strategy

The mean squared error (MSEY]] is used as the loss function in the encoder, and the training
process of the encoder utilizes the Adam optimiz&] for parameter optimization. To prevent

over tting, early stopping is employed, ceasing training if the validation loss fails to improve over 8
consecutive epochs. Additionally, the model parameters that demonstrate the optimal performance on
the validation set are recorded and preserved.

A.4 Ef cient Jacobian Computation via Forward-Mode Analytical Differentiation

To address computational costs, traditional backward computation methods (e.g., using
torch.autograd.gradn PyTorch with a pretrained model and corresponding inputs/outputs) require
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