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Abstract

This paper explores a novel brain decoding model for 3D shape perception through a
dual pathway architecture mirroring biological vision. Our bio-inspired approach imple-
ments separate decoding modules for object identity and spatial orientation, inspired by
ventral and dorsal pathways, during continuous rotations. We employ circular regression for
angle prediction and develop EEG-conditioned multiview diffusion for 3D reconstruction.
Our approach successfully decodes both object identity and spatial orientation from EEG
signals and enables 3D reconstruction from neural activity, with interpretability analyses
revealing temporally structured involvement of ventral, dorsal, and motor-related channels
rather than a static ventral dominance in supporting object and angle decoding.

1. Introduction

Neural networks for visual perception have drawn fundamental inspiration from biologi-
cal vision systems, particularly their hierarchical organization (Hubel and Wiesel, 1962;
Fukushima, 1980; Lehky and Sejnowski, 1988). While convolutional neural networks show
correspondence with the ventral visual pathway — the brain’s “what” system for object
recognition (DiCarlo et al., 2012; Cichy et al., 2016) — they struggle with 3D spatial and
geometric understanding (Hinton et al., 2018; Bronstein et al., 2017). This limitation is
particularly evident in 3D tasks: standard CNNs are biased toward texture over shape
(Geirhos et al., 2018), and humans significantly outperform CNNs in cross-viewpoint 3D
shape matching (O’Connell et al., 2023). A similar challenge arises in brain decoding, where
models struggle to differentiate viewpoints within object classes and extract orientation fea-
tures from EEG signals (Li et al., 2024).

We address this limitation with a dual-stream decoding architecture inspired by ventral
and dorsal visual pathways, implementing separate modules for object identity and spatial
orientation. Our approach reconstructs rotating 3D objects from EEG by explicitly model-
ing viewpoint-tolerant object recognition and viewpoint-dependent spatial transformations,
decoding object identity and angular positioning to provide novel insight into geometric
representation in biological and artificial systems. Our results demonstrate that EEG sig-
nals preserve both object identity (up to 68% accuracy across six semantic categories) and
spatial orientation (10-11° mean absolute error) during 3D perception, with interpretability
analysis revealing time-resolved integration across ventral, dorsal, and motor-related path-
ways, consistent with evidence for dynamic dorsal-ventral interactions and visuo-motor
coupling in 3D object perception.
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2. Related Works
2.1. 3D Shape Perception

Human 3D object perception involves hierarchical processing in specialized areas, beginning
in early visual areas (V1-V3) which extract basic 2D features such as edges, orientation, and
contrast (DiCarlo et al., 2012). 3D perception differs from 2D perception by its complexity
integrating spatial, depth and structural information, engaging stereo cues such as binoc-
ular disparity, leveraging the slight differences in images received by each eye to provide
robust depth information (Julesz, 1971). Current evidence indicates this information then
diverges into two distinct but interconnected pathways: the ventral stream (“what” path-
way) projects from V1 through V2 and V4 to the inferior temporal cortex, and is crucial for
object recognition, form representation, and high-level semantic processing (Mishkin et al.,
1983). In parallel, the dorsal stream (initially “where”, later “how” pathway (Goodale and
Milner, 1992)) projects from V1 through V2 and regions like MT /V5 to the posterior parietal
cortex. This pathway specializes in spatial relationships, motion, and action-relevant infor-
mation, and critically transforms visual input into egocentric coordinate systems necessary
for motor planning and execution (Gallivan and Culham, 2015; Goodale and Westwood,
2004). Despite their distinct specializations, dorsal and ventral streams interact extensively
in attention (Chica et al., 2013) and visual mental imagery (Spagna et al., 2023). Neu-
rons in dorsal regions can respond selectively to 3D contours and surfaces (Theys et al.,
2015), and neuroimaging and lesion work shows substantial cross-talk, with object and spa-
tial information represented in both streams (Kravitz et al., 2011; Vaziri-Pashkam and Xu,
2017; Bartolomeo, 2022). This motivates models that treat ventral-dorsal processing as
interacting components rather than a strict dichotomy.

2.2. Bio-inspired 3D Brain Decoding

Lehky and Sejnowski (1988) demonstrated that neural networks trained to extract 3D shape
from shading develop cortex-like receptive fields, suggesting that the computational de-
mands of 3D vision may drive similar representational solutions across artificial and biolog-
ical neural networks. This observation has motivated extensive research into bio-inspired
architectures for visual processing (Lehky and Sejnowski, 1988). Convolutional neural net-
works (CNNs) trained on large naturalistic image collections show correspondence with pri-
mate ventral visual stream activity patterns (Giigli and Gerven, 2015; Yamins et al., 2014),
with deeper layers responding to increasingly complex features mirroring the V1-to-IT pro-
gression. Performance-optimized hierarchical models accurately predict neural responses
in IT and V4 without explicit neural constraints, suggesting that categorization objectives
alone may drive brain-like representations (Khaligh-Razavi and Kriegeskorte, 2014). How-
ever, divergences emerge when examining transformation tolerance mechanisms. While
CNNs match human accuracy on object categorization, they differ from biological systems
in how they handle spatial transformations (Xu and Vaziri-Pashkam, 2022). Human visual
areas show progressively more transformation-tolerant and consistent representations from
V1 to higher regions, whereas CNNs often lose representational consistency at deeper layers,
suggesting a reliance on ‘brute-force’ memorization rather than geometric structure. This
algorithmic divergence matters for brain decoding: human-aligned encoders that better
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match cortical representational geometry can improve EEG/MEG decoding performance
(Rajabi et al., 2025).

Effective bio-inspired architectures require explicit integration of geometric and percep-
tual principles, particularly for dorsal-ventral pathway modeling where spatial processing
and transformation tolerance are computational requirements. Neural networks for 3D
processing span several paradigms: volumetric CNNs (Maturana and Scherer, 2015), geo-
metric deep learning on non-Euclidean domains (Bronstein et al., 2017), attention-based
point-cloud models such as Point Transformer (Zhao et al., 2021), and implicit neural
representations like NeRF, Occupancy Networks, and DeepSDF (Mildenhall et al., 2020;
Mescheder et al., 2019; Park et al., 2019). Recent approaches incorporate explicit geometric
symmetries, for example capsules (Sabour et al.; Hinton et al., 2018), SO(3)-equivariant net-
works (Thomas et al., 2018), and steerable CNNs (Cohen and Welling, 2016; Weiler et al.).
Understanding how such inductive biases translate to brain decoding requires examining
the geometric structure preserved in neural signals.

2.3. 3D Geometric Inductive Bias

Human 3D shape perception demonstrates the brain’s intrinsic geometric processing capa-
bilities through mechanisms that achieve multiview consistency while revealing systematic
inductive biases. The visual system’s foundation lies in its topographic organization, e.g.
retinotopic maps in early visual areas (V1-V3) maintain precise spatial correspondence be-
tween functional and cytoarchitectonic borders, creating an inherent geometric framework
for processing orientation, disparity, and spatial features (Tsao et al., 2008; Tsutsui et al.,
2001). This spatial organization enables hierarchical geometric processing and depth cue
combination, where low-level shape features are decoded within 60 ms (Foxe and Simpson,
2002), building toward complex 3D representations through integration of binocular dispar-
ity, perspective, shading, and motion information in higher areas like LOC and hMT+/V5
(Lehky and Sejnowski, 1988; Beeck et al., 2008). This processing is so fundamental that
we automatically perceive 2D sketches as 3D objects, unable to suppress our geometric
interpretation even when consciously aware of the flat medium (Torralba et al., 2024).
However, human 3D perception is not perfectly viewpoint-invariant, as object recogni-
tion speed correlates with rotation angle from canonical poses (Shepard and Metzler, 1971;
Palmer et al., 1981), revealing innate inductive biases encoded in domain-specific connectiv-
ity patterns that facilitate rapid object recognition while predisposing the brain to extract
stable 3D representations from ambiguous inputs (Welchman et al., 2005). These biases
reflect equivariant neural representations where transformations in visual input produce
corresponding transformations in neural activity patterns, enabling consistent object recog-
nition while maintaining sensitivity to spatial relationships crucial for action and navigation.
These intrinsic geometric processing capabilities are reflected in EEG signals, which cap-
ture the synchronized activity of geometrically aligned pyramidal cells across visual cortex.
Despite EEG’s limited spatial resolution for detailed reconstruction (Halliday and Michael,
1970), its high temporal resolution enables decoding of visual features through visual-evoked
potential components, such as N1, P2, and N2 components, specifically involved in process-
ing 3D shape and depth, showing hemispheric dissociation during the N1/N2 complex for 3D
shape (left hemisphere) and depth (right hemisphere) (Kasai and Morotomi, 2001). These
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components also provide insights into low-level visual features including visual field position
(Halliday and Michael, 1970; Jeffreys and Axford, 1972). The geometric sensitivity of EEG
extends to complex spatial cognition: Kashihara and Nakahara (2011) demonstrated that
EEG effectively captures neural signatures during both 2D and 3D mental imagery tasks,
suggesting preserved information for distinguishing geometrical shapes across dimension.
This spatial sensitivity follows the brain’s hierarchical organization: ablation experiments
in visual brain decoding confirmed that occipital regions achieve highest accuracy and re-
construction performance compared to the temporal, parietal and frontal areas, directly
reflecting the visual processing hierarchy (Li et al., 2024).

Recent advances demonstrate the feasibility of geometric decoding from brainwave ac-
tivity: primitive 3D shapes (Esfahani and Sundararajan, 2012), colored geometric symbols
(Bang et al., 2021), EEG-based 3D object reconstruction as colored point cloud (Guo et al.,
2024), 3D reconstruction from fMRI (Gao et al., 2024), and EEG-driven 3D object gener-
ation using latent diffusion models (Xiang et al., 2024). However, current EEG-based 3D
decoding approaches treat perception as a single pathway problem, failing to leverage the
geometric structure underlying biological vision. From a geometric perspective, 3D shape
understanding requires disentangling invariant object properties from equivariant spatial
transformations; this decomposition is embodied in the distinct but interacting functional
roles of the ventral “what” and dorsal “where/how” pathways. We develop a dual-stream
architecture that explicitly models this geometric decomposition, enabling principled 3D
reconstruction from EEG through separate object identity classification and angular trans-
formation regression.

3. Methods

To validate this bio-inspired architecture, we decompose 3D visual decoding into three com-
plementary tasks that aim to mirror, as closely as possible, proposed biological processing
stages: object classification (ventral stream), spatial orientation regression (dorsal stream),
and their integration for 3D reconstruction.

3.1. Dataset and Experimental Design

Eleven (11) participants were recruited for this study. Neural activity was recorded using a
64-channel ANT Neuro wet electrode system positioned according to the international 10-20
system at 512 Hz sampling frequency, with impedances maintained below 20 k2. With 11
subjects, the main group-level effect we report corresponds to a very large effect size (Co-
hen’s d ~ 2.8), indicating that the study is highly powered at o« = 0.05. Participants viewed
rotating 3D object stimuli in an immersive virtual reality environment rendered using Unity
and presented via Meta Quest 2 head-mounted display. The VR paradigm was specifically
chosen to leverage binocular disparity cues and enable natural depth perception mecha-
nisms unavailable in conventional 2D presentation modalities. The stimulus set comprised
78 distinct 3D objects uniformly distributed across six semantic categories (13 examples per
category): organic natural objects (banana, strawberry), manufactured objects (basketball),
and biological entities (human face, panda, tiger). Each object underwent continuous 360°
rotation over an 8-second presentation window with angular velocity % = 7 rad/s, followed
by a 2 s inter-stimulus interval to mitigate potential neural adaptation effects. Example of
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stimuli is displayed in Figure 1. To control for temporal confounds and sequence-dependent
neural responses, stimulus presentation order was fully randomized across participants and
recording sessions. Each participant completed one ~65-minute session with 78 objects
X 6 repetitions (468 trials per subject, 5,148 trials total). This experimental design en-
ables us to separately analyze object identity across rotations and spatial transformations
from EEG, providing well-defined labels for both geometric invariance (object identity) and
equivariance (rotation angle).

3.2. Model Architectures and Training

We benchmarked three state-of-the-art architectures: EEGNet (Lawhern et al., 2018), a
compact CNN for visual evoked potential decoding; EEGConformer (Song et al., 2023), a
hybrid CNN-transformer for long-range temporal dependencies; and CTNet (Zhao et al.,
2024), a convolutional transformer combining spatial feature extraction with multi-head
attention. These architectures offer complementary strengths for processing spatiotemporal
EEG features across extended time windows. Hyperparameters were optimized per subject
using Bayesian optimization (Snoek et al., 2012). For EEGNet, we increased the depthwise
kernel length to 256 samples to better capture visual event-related potentials (Luck, 2014).
Model performance was assessed via mean accuracy across 5-fold cross-validation.

3.2.1. CIRCULAR REGRESSION ARCHITECTURE

To enable rotation angle estimation, EEGNet was adapted for circular regression by re-
placing the classification head with a 2-dimensional output layer predicting unit vectors
[sin(#), cos(A)]. This geometric representation naturally handles periodic boundary condi-
tions and avoids discontinuities near -, ensuring angles differing by 27 are treated as
identical. The circular regression loss computes squared chord length between predicted
and target unit vectors:

1 B

Lcircular = E Z |:1 - COS(éi - 91) (1)
=1

where B is batch size, equivalent to mean squared error in circular space. Classification
and angle-regression models were instantiated as separate EEGNet networks with no weight
sharing across tasks.

3.2.2. EEG-CONDITIONED 3D RECONSTRUCTION

We developed a dual-stream 3D reconstruction pipeline that integrates object classifica-
tion and angle regression to condition a multiview diffusion model, mirroring biological
integration of object identity (“what”) and spatial orientation (“where”) pathways for 3D
shape generation from neural signals. We adapt MVDream (Shi et al., 2024), a text-to-
multiview diffusion model that employs an inflated 3D self-attention mechanism to extend
pretrained 2D self-attention into multi-view 3D attention, promoting consistent generation
across multiple camera viewpoints. A pretrained, frozen EEGNet object classifier is re-
purposed as a feature extractor: its classification head is replaced by a 512-dimensional
embedding layer whose output is projected to 1024 dimensions via a fixed random linear
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Figure 1: Proposed dual-stream architecture for 3D brain decoding from EEG.

layer matching CLIP’s text-embedding space. In the diffusion U-Net, multi-view latents
provide the queries for cross-attention, while the projected EEG embedding supplies the
keys and values, enabling EEG-conditioned 3D-aware denoising. An angle encoder predicts
EEG-derived rotation angles that are injected through an angle-aware timestep embedding.
The diffusion model is fine-tuned for EEG-conditional generation using Low-Rank Adap-
tation (LoRA (Hu et al., 2021); r = 24 o« = 48) applied to attention and feed-forward
layers, preserving the pretrained multi-view prior while enabling efficient adaptation. The
multi-view diffusion loss is:

Ly (0) = Eq e [He — eo(wt; fobjaéat)Hg (2)

where x; are noisy multi-view latents at diffusion step ¢, fon; denotes the EEG-derived
object identity embedding used as conditioning tokens, and 6 are the predicted rotation
angles injected through an angle-aware timestep embedding. We fine-tune for up to 2,000
epochs on a single A100 GPU with early stopping based on validation loss, using batch size
32 and learning rate 10™%; generation uses 50 denoising steps with the same scheduler as
during training.

3.3. Channel Activation Analysis

To investigate whether EEGNet captures the functional specialization of dorsal (spatial
processing) and ventral (object identity) visual pathways in 3D shape perception, we applied
Gradient-weighted Class Activation Mapping (Selvaraju et al., 2020) to the convolutional
layers. GradCAM computes spatiotemporal importance maps as:

GradCAM(i, j) = ReLLU (Z oy - Ak,@‘,j) (3)
k
where o = ﬁ Zm’n % represents the average gradient of the target output y

(object class or rotation angle é) with respect to feature map k, and Ay, ; ; denotes activations
at spatial position (¢, ).
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To assess regional contributions, we defined three anatomically-motivated channel sub-
sets of equal size (10 channels each): dorsal pathway (Cz, C1, C2, Pz, P1, P2, CP1, CP2,
POz, Oz), ventral pathway (T7, T8, TP7, TP8, P7, P8, PO7, PO8, O1, 02), and mo-
tor/premotor regions (C3, C4, C5, C6, FC3, FC4, FC1, FC2, CP5, CP6). Channels were
ranked by total GradCAM activation, and top bias scores were calculated as:

Top Bias = |(1;,‘ Z Ly.<n/2 (4)
eC
where C represents the channel subset, p; is channel i’s rank, and N = 64 total channels.
We hypothesized that object classification would engage ventral-like patterns, while angle
regression would reveal dorsal-like signatures, and explored whether these contributions
would vary over time across ventral, dorsal, and motor-related subsets.

4. Results

3D Shape Classification: We evaluated whether EEG signals preserve object identity de-
spite continuous spatial transformations by classifying rotating 3D objects into six semantic
categories from 8-second epochs. All three architectures achieved above-chance performance
(chance level: 16.7%), with EEGNet yielding the highest mean accuracy, followed by CT-
Net and EEGConformer (Table 1). Across subject-specific models, performance varied and
some models showed instability in cross-validation (e.g., Sub5: SD = 0.03; Sub6: SD =
0.10), but a consistent ranking emerged: Sub5 achieved the highest accuracy, followed by
Sub6 and Subll (for EEGConformer, Sub9 was third). The EEGNet model trained for
Subb was used for subsequent 3D reconstruction, as it combined the best validation and
test accuracy with the most stable cross-validation performance.

Table 1: 3D shape classification and angle regression performance from EEG signals (mean
+ SD across 5-fold CV).

Subject | EEGNet (acc) EEGConformer (acc) CTNet (acc) ‘ Angle (MAE)

Subl 0.31 £ 0.05 0.30 = 0.03 0.27 =+ 0.03 11.1 £ 0.03
Sub2 0.36 + 0.09 0.19 £+ 0.02 0.40 £+ 0.04 11.0 £ 0.08
Sub3 0.29 =+ 0.03 0.29 =+ 0.03 0.30 = 0.05 10.8 £ 0.04
Sub4 0.30 £+ 0.05 0.34 £ 0.04 0.26 £ 0.03 10.9 £ 0.09
Subb 0.68 = 0.03 0.56 = 0.05 0.56 = 0.03 10.7 £ 0.04
Sub6 0.46 + 0.10 0.54 £ 0.07 0.54 £ 0.06 10.8 £ 0.06
Sub7 0.32 = 0.06 0.29 £ 0.05 0.30 &+ 0.04 11.1 £ 0.12
Sub8 0.32 £ 0.05 0.22 £ 0.02 0.39 +£ 0.07 10.9 £ 0.12
Sub9 0.37 = 0.08 0.39 = 0.03 0.34 + 0.04 11.1 £ 0.08
Sub10 0.34 £ 0.08 0.37 £ 0.08 0.39 £ 0.04 10.9 £ 0.06
Subll 0.43 £ 0.07 0.32 £ 0.05 0.42 + 0.08 11.1 £ 0.04

Rotation Angle Regression: We evaluated the dorsal stream component by regressing
rotation angles from EEG windows of varying durations (T3, € {512} samples, correspond-
ing to 1s epochs). The target angle was computed as Oye = T X twindow center Where
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twindow center T€Presents the temporal center of each analysis window. In contrast to object
classification, all angle regression models exhibited comparable error rates, with a 1 s win-
dow size proving most effective for learning angular information. This finding is consistent
with the expectation that larger temporal windows encompass a greater range of angular
positions, thereby reducing prediction accuracy for specific angles. Within the 1 s window,
the angular distance spans 45°. The achieved MAE values (10 — 11°) across all models
demonstrate robust performance in angular prediction.

Interpretability Analysis: Subject-level top-bias scores (Figure 2) show that the top four
object decoders exhibit equivalent or stronger ventral and motor activation compared to
dorsal channels, although this pattern is heterogeneous across participants. Paired t-tests
(a = 0.05) confirmed that ventral, dorsal, and motor subsets contribute comparably at
the group level across 1s windows, indicating that the observed motor dominance is not a
trivial artifact of isolated channel noise but reflects a systematic pattern across subjects.
Grad-CAM therefore indicates that decoding performance is not driven by a static binary
‘ventral-only’ versus ‘dorsal-only’ readout but by how models distribute attention across
dorsal, ventral, and motor channels over time; mirroring human dorsal-ventral integration
dynamics (Ayzenberg et al., 2023). Specifically, the dissociation between object and an-

dorsal -0.75

ventral 0.50

motor/premotor 0.25

i ]
Sub5  Sub6 Subll Sub2 Subl0 Sub9  Sub8 Sub7  Sub4 Subl  Sub3

Figure 2: Top bias scores of different channel subsets, with subjects sorted from best per-
forming model (left) to worse performing (right).

gle models suggests a partial disentangling of invariant and equivariant components: for
angle decoders, accuracy benefits from early, positive motor bias together with a relax-
ing dorsal penalty, as dorsal correlations move from negative values toward approximately
zero (p < 0.05); whereas object decoders are penalized when they overweight ventral chan-
nels early and dorsal channels late, consistent with more invariant object information arising
from a balanced, temporally structured integration across dorsal, ventral, and motor-related
subspaces rather than from a single ventral-like code (Farivar et al., 2009). Beyond sub-
ject-specific top-bias patterns, Grad-CAM maps show substantial between-subject variabil-
ity (Appendix A), with a small subset of occipital-parietal and frontal channels displaying
both high mean activation and high variance, while several midline posterior sites remain
consistently low-importance. This suggests that dual-stream decoding relies on overlapping
but individually idiosyncratic sensor configurations.

3D Reconstruction: Table 2 presents results on the held-out test set. Our method
achieves SSIM of 0.856+£0.038 and LPIPS of 0.27540.061, slightly exceeding validation per-
formance (SSIM: 0.83340.035, LPIPS: 0.2974+0.058) and indicating good generalization.
Performance remains consistent across object categories (SSIM: 0.840-0.876; Appendix 3)
and viewpoints (SSIM: 0.841-0.879; Appendix 4), suggesting that the EEG-conditioned
multiview prior captures a viewpoint-dependent but geometrically coherent shape repre-
sentation. Together with the channel-level Grad-CAM analysis, this supports a picture in
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which ventral, dorsal, and motor-related channels jointly provide the invariant (identity)
and equivariant (angle) information required for consistent 3D reconstruction. Figure 3
shows representative reconstructions, where generated objects preserve class-specific fea-
tures (facial structure, organic forms) while maintaining geometric consistency across view-
points, demonstrating the feasibility of EEG-conditioned neural-to-3D reconstruction from
non-invasive signals.

Table 2: Quantitative evaluation of EEG-to-multiview reconstruction

Split PSNR 1 SSIM + LPIPS |
Validation 15.82+0.95  0.833+£0.035  0.297 + 0.058
Test 16.30 £ 0.73 0.856 +0.038 0.275 + 0.061
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Figure 3: Multi-view test set reconstructions across 6 categories (ground truth: top, gener-
ated: bottom). Each shows 8 viewpoints (0°-315°).

5. Conclusion

This work makes three primary contributions to neural decoding and bio-inspired 3D vi-
sion: (1) We demonstrate the first dual-stream architecture for 3D brain decoding that
uses separate modules for object identity (viewpoint-tolerant “what”) and spatial transfor-
mation (viewpoint-dependent “where/how”) processing, achieving robust performance on
both classification (up to 68% accuracy) and angular regression (10-11° MAE); (2) We pro-
vide interpretable evidence for dynamic dorsal-ventral-motor involvement in EEG through
Grad-CAM, showing that successful decoders avoid simple ventral dominance and instead
rely on early motor engagement with time-varying dorsal-ventral contributions; and (3)
We establish the feasibility of EEG-conditioned 3D reconstruction through multiview dif-
fusion, enabling direct generation of 3D objects from neural signals. Further investigation
of geometric priors through comparison with steerable CNNs and equivariant architectures
would quantify the benefits of biological versus purely geometric inductive biases for 3D
brain decoding. Quantitative evaluation through single-view versus multiview reconstruc-
tion metrics and analysis of rotational equivariance properties would further validate the
geometric understanding captured by our dual-stream approach.
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Appendix A. Gradient-weighted Class Activation Mapping 1-second
windows for best 3D object recognition model per subject
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Appendix B. Per-class reconstruction performance

Table 3: Per-class performance on test set.

Class PSNR 1 SSIM + LPIPS |
Banana 16.50 £0.77 0.868 4 0.041 0.249 =+ 0.049
Basketball ~ 15.77+0.68 0.845 + 0.028  0.292 + 0.040
Face 16.38 +0.80 0.87640.027 0.282 £ 0.078
Panda 16.29+0.99 0.868+0.031 0.233 = 0.040
Strawberry 16.01£0.60 0.840 £ 0.030  0.306 + 0.058
Tiger 16.52+0.41 0.851 4 0.041 0.280 & 0.064
Overall  16.30£0.73 0.856 +0.038 0.275 % 0.061

Appendix C. Per-View Consistency

Table 4: Complete per-view metrics on validation and test sets.

. Validation Test
View Angle
PSNR 1 SSIM 1 LPIPS | PSNR 1 SSIM 1 LPIPS |
0 0° 16.124+1.19 0.862+0.031 0.261 +0.063 16.46 =0.84 0.875+0.026 0.251 £ 0.066
1 45° 15.84 +£0.95 0.828 £0.040 0.303 +£0.058 16.27 £0.78 0.852+0.044 0.282 + 0.065
2 90° 15.56 £0.96 0.811+0.048 0.323+0.062 16.12+0.77 0.841 +0.053 0.295 + 0.069
3 135° 15.71 £1.01 0.826 £0.042 0.299 +0.058 16.33+0.70 0.853 +£0.042 0.276 + 0.060
4 180° 16.124+1.19 0.866 +=0.034 0.259 +0.070 16.55+0.81 0.879 +0.027 0.244 £+ 0.064
5 225° 15.71 £1.00 0.826 +0.040 0.307 £0.064 16.23+0.76 0.852+0.044 0.281 +0.063
6 270° 15.66 £0.89 0.816 £0.044 0.3224+0.062 16.13+0.76 0.843 +0.049 0.292 + 0.068
7 315° 15.79 +£1.04 0.828 £0.039 0.306 +0.058 16.27 £0.75 0.853 +0.040 0.280 % 0.063
Mean 15.82+£1.03 0.8334+0.040 0.297 +£0.061 16.30+0.77 0.856 £ 0.040 0.275 %+ 0.063
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