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Figure 1. Given the sampling points along a target ray that are re-projected on the epipolar lines in each source view, existing approaches [43,
49] employ attention mechanism to aggregate the cross-view features for each sampling point and perform epipolar aggregation of sampling
points along the epipolar lines within individual views, either sequentially or circularly. However, our investigation reveals the limitations in
existing strategies: exclusively aggregating cross-view information results in rendering artifacts, stemming from the absence of appearance
continuity between adjacent depth provided by epipolar cues. Conversely, relying solely on epipolar information leads to depth map
discontinuities due to the absence of geometry consistency across multiple views. Our proposed EVE-NeRF harnesses both cross-view and

along-epipolar information in an entangled manner and effectively addresses the above issues.

Abstract

Generalizable NeRF can directly synthesize novel views
across new scenes, eliminating the need for scene-specific
re-training in vanilla NeRF. A critical enabling factor in
these approaches is the extraction of a generalizable 3D
representation by aggregating source-view features. In this
paper, we propose an Entangled View-Epipolar Information
Aggregation method dubbed EVE-NeRF. Different from ex-
isting methods that consider cross-view and along-epipolar
information independently, EVE-NeRF conducts the view-
epipolar feature aggregation in an entangled manner by
injecting the scene-invariant appearance continuity and ge-
ometry consistency priors to the aggregation process. Our
approach effectively mitigates the potential lack of inher-
ent geometric and appearance constraints resulting from
one-dimensional interactions, thus further boosting the 3D
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representation generalizability. EVE-NeRF attains state-of-
the-art performance across various evaluation scenarios.
Extensive experiments demonstrate that, compared to pre-
vailing single-dimensional aggregation, the entangled net-
work excels in the accuracy of 3D scene geometry and ap-
pearance reconstruction. Our code is publicly available at
https://github.com/tatakail/EVENeRF.

1. Introduction

The neural radiance fields (NeRF) [35], along with its subse-
quent refinements [1, 2, 62], have exhibited remarkable effi-
cacy in the domain of novel view synthesis [26, 27, 54, 55],
showcasing immense potential for applications in smart ed-
ucation [28, 33], medical treatment [ 16, 36], and automatic
driving [29-32]. Despite these advancements, the methods
along this vein often pertain to the training scene thus ne-
cessitating re-training for synthesizing new scenes. Such
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drawbacks severely constrain their practical applications.

More recently, the development of generalizable NeRF
models [4, 52, 63] has emerged as a promising solution to
address this challenge. These models can directly synthe-
size novel views across new scenes, eliminating the need
for scene-specific re-training. A critical enabling factor in
these approaches is the synthesis of a generalizable 3D rep-
resentation by aggregating source-view features. Instead of
densely aggregating every pixel in the source images, prior
works draw inspiration from the epipolar geometric con-
straint across multiple views to aggregate view or epipolar
information [21, 40, 43, 49, 51]. To capitalize on cross-view
prior, specific methodologies [21, 49] interact with the re-
projected feature information in the reference view at a pre-
defined depth. On the along-epipolar aspect [43, 44], some
methods employ self-attention mechanisms to sequentially
obtain the entire epipolar line features in each reference view.

We posit that both view and epipolar aggregation are
crucial for learning a generalizable 3D representation: cross-
view feature aggregation is pivotal to capturing geometric
information, as the features from different views that match
tend to be on the surface of objects. Concurrently, epipolar
feature aggregation contributes by extracting depth-relevant
appearance features from the reference views associated
with the target ray, thus achieving a more continuous ap-
pearance representation. Nevertheless, the prevailing meth-
ods often execute view and epipolar aggregation indepen-
dently [21, 49] or in a sequential manner [43], thereby over-
looking the simultaneous interaction of appearance and ge-
ometry information.

In this paper, we introduce a novel Entangled View-
Epipolar information aggregation network, denoted as EVE-
NeRF. EVE-NeRF is designed to enhance the quality of
generalizable 3D representation through the simultaneous
utilization of complementary appearance and geometry in-
formation. The pivotal components of EVE-NeRF are the
View-Epipolar Interaction Module (VEI) and the Epipolar-
View Interaction Module (EVI). Both modules adopt a dual-
branch structure to concurrently integrate view and epipolar
information. On one hand, VEI comprises a view transformer
in its first branch to engage with the features of sampling
points re-projected on all source views. In the second branch,
VEI is equipped with an Along-Epipolar Perception sub-
module to inject the appearance continuity prior to the view
aggregation results. On the other hand, EVI consists of an
epipolar transformer in its first branch to aggregate features
from sampling points along the entire epipolar line in each
source view. In the second branch, EVI utilizes a Multi-View
Calibration submodule to incorporate the geometry consis-
tency prior to the epipolar aggregation representation. The
alternating organization of EVI and VEI results in a general-
izable condition for predicting the color of target rays based
on NeRF volumetric rendering.

Compared to the prevailing methods such as GNT [49]
and GPNR [43], EVE-NeRF distinguishes itself in its ability
to synthesize a target ray by entangling epipolar and view
information. This capability serves to offset the appearance
and geometry prior losses that typically arise from single-
dimensional aggregation operations (see Figure 1). Our main
contributions can be summarized as follows:

* Through extensive investigation, we have revealed the
under-explored issues of prevailing cross-view and along-
epipolar information aggregation methods for generaliz-
able NeRF.

* We propose EVE-NeRF, which harnesses the along-
epipolar and cross-view information in an entangled man-
ner. EVE-NeRF complements the cross-view aggregation
with appearance continuity prior and calibrates the along-
epipolar aggregation with geometry consistency prior.

* EVE-NeRF produces more realistic novel-perspective im-
ages and depth maps for previously unseen scenes with-
out any additional ground-truth 3D data. Experiments
demonstrate that EVE-NeRF achieves state-of-the-art per-
formance in various novel scene synthesis tasks.

2. Related Work

NeRF and Generalizable NeRF. Recently, NeRF [35] has
made groundbreaking advancements in the field of novel
view synthesis through a compact implicit representation
based on differentiable rendering. Subsequent developments
in the NeRF framework have explored various avenues, en-
hancing rendering quality [1-3, 18, 64], accelerating render-
ing speed [5, 8, 17, 39, 45, 62], applicability to both rigid
and non-rigid dynamic scenes [ 15, 37, 38, 47, 48, 65], and
extending its capabilities for editing [24, 46, 50, 57, 58].
The original NeRF and its subsequent improvements have
achieved successful performance but suffered from the lim-
itation of being trainable and renderable only in a single
scene, which restricts their practical applications [13, 60, 61].
One solution to this issue is conditioning on CNN features
from the known view images, which align with the input
coordinates of NeRF. PixelNeRF [63] encodes input images
into pixel-aligned feature grids, combining image features
with corresponding spatial positions and view directions in a
shared MLP to output colors and densities. MVSNeRF [4]
utilizes a cost volume to model the scene, with interpolated
features on volume conditioned. Our approach also employs
CNN features from known views, and we input the processed,
pixel-aligned features into NeRF’s MLP network to predict
colors and densities. However, unlike PixeINeRF and similar
methods [4, 7, 63], which use average pooling for handling
multiple views, our approach learns multi-view information
and assigns weights to each view based on its relevance.

Generalizable NeRF with Transformers. More recently,
generalizable novel view synthesis methods [10, 11, 19, 22,
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23,40, 43, 51, 52] have incorporated transformer-based net-
works to enhance visual features from known views. These
approaches employ self-attention or cross-attention mech-
anisms along various dimensions such as depth, view, or
epipolar, enabling high-quality feature interaction and ag-
gregation. GeoNeRF [21] concatenates view-independent
tokens with view-dependent tokens and feeds them into
a cross-view aggregation transformer network to enhance
the features of the cost volume. GPNR [43] employs a 3-
stage transformer-based aggregation network that sequen-
tially interacts with view, epipolar, and view information.
GNT [49] and its subsequent work, GNT-MOVE [11], uti-
lize a 2-stage transformer-based aggregation network, first
performing cross-view aggregation and then engaging depth
information interaction. ContraNeRF [59] initially employs
a two-stage transformer-based network for geometry-aware
feature extraction, followed by the computation of positive
and negative sample contrastive loss based on ground-truth
depth values.

Inspired by these developments, we have analyzed the
limitations of single-dimensional aggregation transformer
networks and introduced EVE-NeRF that achieves efficient
interaction between the complementary appearance and ge-
ometry information across different dimensions. Moreover,
our method does not require any ground-truth depth infor-
mation for model training.

3. Problem Formulation

Our objective is to train a generalizable NeRF capable of
comprehending 3D information from scenes the model has
never encountered before and rendering new perspective im-
ages. Specifically, given M source images for a particular
scene I = {I,;}M, and their corresponding camera intrin-
sic and extrinsic parameters K = {K;}M, P = {P; =
[Ri, ]}, most generalizable NeRF methods [4, 52, 63]
can be formulated with a generalizable feature extraction
network 74 and a rendering network G:
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where x and d represent the 3D point position and the direc-
tion of the target ray’s sampling points, while ¢ and o are the
predicted color and density, respectively. Similar to vanilla
NeREF, c and ¢ are utilized to compute the final color value
of the target ray through volume rendering. The variable
z represents generalizable 3D representation of the scene
provided by the feature extraction network. © and ¢ denote
the learnable parameters of the networks.

4. Methodology

Overview. Figure 2 provides an overview of EVE-NeRF,
which includes a lightweight CNN-based image feature ex-
tractor, two dual-branch transformer-based modules named

View-Epipolar Interaction (VEI) and Epipolar-View Interac-
tion (EVI), respectively, and a conditioned NeRF decoder.
Source images are first forwarded to a lightweight CNN
and are transferred to feature maps. In the following, VEI
and EVI are alternatively organized to aggregate the view-
epipolar features in an entangled manner. The inter-branch
information interaction mechanism within VEI and EVI cap-
italizes on the scene-invariant geometry and appearance pri-
ors to further calibrate the aggregated features. The output
of the Entangle View-Epipolar Information Aggregation is
a generalizable 3D representation z. Finally, a conditioned
NeRF decoder is employed for predicting the color and den-
sity values of the target ray based on z for volume rendering.

4.1. Lightweight CNN

For M source views input {I;}2, we first extract convolu-
tional features { F'$} | for each view independently using a
lightweight CNN with sharing weights (see Appendix A.4).
Unlike previous generalizable NeRF methods [4, 49] that
employ deep convolutional networks like U-Net [41], we
use this approach since convolutional features with large re-
ceptive fields may not be advantageous for extracting scene-
generalizable features [43]. Additionally, features derived
from the re-projected sampling points guided by epipolar
geometry are more focused on local information [19].

4.2. View-Epipolar Interaction

The View-Epipolar Interaction Module (VEI) is designed
as a dual-branch structure, with one branch comprising the
View Transformer and the other the Along-Epipolar Percep-
tion. The VEI input X € RV*MXC comes from the CNN
feature map interpolated features or from the output of the
previous layer of EVI, and the VEI output Yy gy is used as
the input to the current layer of EVI.

View Transformer. The View Transformer is responsible
for aggregating features across view dimensions. The view
transformer takes the input X, allowing it to perform self-
attention operations in the view dimension (/). To be more
specific, the query, key, and value matrices are computed
using linear mappings:

Q=XWq, K=XWgk,V=XWy, 2)

where Wg, Wi, Wy, € RE*C are the linear mappings
without biases. These matrices are then split into & heads
Q = [le"' th]’ K = [KI’"' 7Kh]’ and V. =
[V! ..., V"], each with d = C/h channels. To enable
the model to learn the relative spatial relationships between
the target view and the source views, we integrate the differ-
ences Ad® (see Appendix A.2) between the target view and
the source views into the self-attention mechanism:

X' = softmax ((QZ + Ad®) (K’)T) Vi )
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Figure 2. Pipline of EVE-NeRF. 1) We first employ a lightweight CNN to extract features of the epipolar sampling points from source views.
2) Through the Entangled View-Epipolar Information Aggregation, we complementarily enable information interaction in both the view and
epipolar dimensions to produce generalizable multi-view epipolar features. 3) We use the NeRF Decoder to obtain color and density for the

sampling points and predict the target color based on volume rendering.
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Ultimately, we obtain X = [X ,--- , X |, and we em-

ploy a conventional Feed-Forward Network (FFN) to per-
form point-wise feature transformation:

Y = FFN(X) + X. 4)

Along-Epipolar Perception. The Along-Epipolar Percep-
tion, serving as the second branch of VEI, aims to extract
view-independent depth information to provide appearance
continuity prior to the 3D representation. We compute the
mean and variance of V' € RV*M*C i the view dimen-
sion (M) within the view transformer to obtain the global
view-independent feature f° € R™V*2C, We proceed to per-
ceive the depth information along the entire ray through an
adjacent-depth attention (1D Convolution AE) in the ray
dimension (V). Since the information along an epipolar line
is inherently continuous, a convolution operation that is seen
as a kind of adjacent attention can learn the appearance con-
tinuity prior, which predicts the importance weights w; for
the sampling points:

f' = concat (fo,w, d) ,
{wi}il, =sigmoid (AE ({f;}1,)), )

where x and d refer to the 3D point position and the di-
rection of the target ray’s sampling point. Particularly, d
is copied to the same dimension as . GeoNeRF [21] also

employs an AE network to predict coherent volume densi-
ties. However, our approach is more similar to an adjacent
attention mechanism predicting depth importance weights
and learning appearance continuity prior based on global
epipolar features.

Combining the output of the View Transformer and
Along-Epipolar Perception, the final output of VEI is calcu-
lated as follows:

Yver=w"Y, (6)

where w¥ = [wY, - ,w%], YvEr denotes the VEI's out-
put, and - denotes element-wise multiplication.

4.3. Epipolar-View Interaction

Similar to VEI, The Epipolar-View Interaction Module (EVI)
consists of two branches, the Epipolar Transformer and the
Multi-View Calibration. The EVI input X/ € RM*NxC
comes from the output of the current layer of VEI, and the
EVI output Ygv 1 is used as the input to the next layer of
EVIs or as the total output of the aggregation network.

Epipolar Transformer. The Epipolar Transformer takes the
input X, enabling self-attention operations in the epipolar
dimension (V). In particular, the epipolar transformer shares
the same network structure as the view transformer above:
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Q =X'W,, K'=X'"Wg, V' = X'W{,
>, i s T i
X'’ = softmax ((Q' —i—Ad") (K' ) ) v,
Y’ = FEN(X') + X", (7

where X'[i,7,k] = X|[j,i,k], d°[i,j, k] = d°[j,i, k],
i, 7, k denote the 1st (M), 2nd (V), and 3rd dimensions
(C) respectively.

Multi-View Calibration. The Multi-View Calibration, serv-
ing as the second branch of the EVI module, is employed to
aggregate cross-view features and provide geometry consis-
tency prior, aiming at calibrating the epipolar features. We
calculate the weight values w{ for the target rays in each
source view using the cross-view attention mechanism. In
this process, we utilize V' € RM*NXC from the epipolar
transformer as the input:

q = max(V"’) + linear(Apose),
{w$}, = sigmoid (Self-Atin (¢, q, q)) , (®)

where Apose (see Appendix A.3) refers to the difference
between the source view camera pose and the target view
camera pose, and linear denotes the linear layer. Ultimately,
incorporating the regression results of multi-view calibration,
the output of the EVI is calculated as follows:

Yevi=w® Y, 9

where w® = [w§, - ,w$,], YEv denotes the EVI’s out-
put, and - denotes element-wise multiplication.

4.4. Conditioned NeRF Decoder

We follow the established techniques of previous works [63]
to construct an MLP-based rendering network. We also con-
dition 3D points on a ray using the generalizable 3D represen-
tation z based on Eq. 1. Nevertheless, we diverge from the
traditional MLP decoder [35], which processes each point
on a ray independently. Instead, we take a more advanced
approach by introducing cross-point interactions. For this
purpose, we employ the ray Transformer from IBRNet [52]
in our implementation. After the rendering network predicts
the emitted color ¢ and volume density o, we can generate
target pixel color using volume rendering [35]:

N
C =) Ti(1-exp(—0id))ci,

=1

i—1
T; = exp(f Z Ujaj)a
J
(10)

where c;, o; which are calculated based on Eq. 1, refer to
the color and density of the ¢-th sampling point on the ray.

(a) only view (b) w/ along-epipolar

transformer

(c) EVE-NeRF
perception (ours)

(f) EVE-NeRF
calibration (ours)

(d) only epipolar
transformer

(e) w/ multi-view

Figure 3. The along-epipolar perception provides appearance con-
tinuity prior through adjacent-depth attention along the ray, while
the multi-view calibration offers geometry consistency prior via
cross-view attention. Our proposed method significantly reduces
artifacts in rendering new views compared to single-dimension
transformers.

4.5. Training Objectives

EVE-NeRF is trained solely using a photometric loss func-
tion, without the need for additional ground-truth 3D data.
Specifically, our training loss function is as follows:

L= [ICprea — Cyell3, (11)

PEP

where P represents a set of pixel points in a training batch,
Cpred, Cg; respectively represent the rendering color for
pixel p and the ground-truth color.

5. Experiments
5.1. Implementation Details

We randomly sample 2, 048 rays per batch, each with N =
88 sampling points along the rays. Our lightweight CNN
and EVE-NeRF models are trained for 250, 000 iterations
using an Adam optimizer with initial learning rates of 1le=3
and 5e~4, respectively, and an exponential learning rate de-
cay. The training is performed end-to-end on 4 V100-32G
GPUs for 3 days. To evaluate our model, we use common
metrics such as PSNR, SSIM, and LPIPS and compare the
results qualitatively and quantitatively with other general-
izable neural rendering approaches. More details such as
network hyperparameters are provided in Appendix A.4.

5.2. Comparative Studies

To provide a fair comparison with prior works [4, 49, 52], we
conducted experiments under 2 different settings: Generaliz-
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Figure 4. Qualitative comparison of EVE-NeRF with IBRNet[52] and GNT[49] in setting 1. The first, second, and third rows correspond to
the Fern scene from LLFF, the Mic scene from Blender, and the Crest scene from Shiny, respectively. Our method, EVE-NeRF, demonstrates
superior capability compared to the baselines in accurately reconstructing the geometry, appearance, and complex texture regions. In
particular, our method successfully reconstructs the leaves and the surrounding area in the Fern scene.

Method LLFF Blender Shiny
PSNRT SSIMT LPIPS| | PSNRT SSIM{ LPIPS| | PSNRT SSIMtT LPIPS|

PixelNeRF [63] | 18.66 0.588 0.463 22.65 0.808 0.202 - - -
IBRNet [52] 25.17 0.813 0.200 26.73 0.908 0.101 23.60  0.785 0.180
GPNR [43] 25.35 0.818 0.198 28.29 0.927 0.080 25.72 0.880 0.175
NeuRay [25] 25.72  0.880 0.175 26.48 0.944 0.091 24.12 0.860 0.170
GNT [49] 25.53 0.836 0.178 26.01 0.925 0.088 27.19 0.912 0.083
EVE-NeRF 27.16 0912 0.134 27.03 0.952 0.072 28.01 0.935 0.083

Table 1. Results for setting 1. Our proposed method, EVE-NeRF, outperforms most of the baselines on the majority of the metrics. With the
exception of PixelNeRF [63], all baseline methods [25, 43, 52] employ sequential or independent transformer-based single-dimensional
ray aggregation. In contrast, our approach is based on a dual-branch structure, enabling multi-dimensional interactions for both view and
epipolar information. The results confirm that our method’s multi-dimensional ray feature aggregation is superior to the single-dimensional

aggregation used in the baselines.

able NVS and Few-Shot NVS, as was done in GPNR [43].

Setting 1: Generalizable NVS. Following IBRnet [52], we
set up the reference view pool comprising & x M proximate
views. M views are chosen at random from this pool to serve
as source views. Throughout the training process, the param-
eters k and M are subject to uniform random sampling, with
k drawn from (1, 3) and M from (8, 12). During evaluation,
we fix the number of source views M = 10.

For the training dataset, we adopt object renderings
of 1,030 models from Google Scanned Object [12],
RealEstate 10K [66], 100 scenes from the Spaces dataset [ 14]
and 95 real scenes from handheld cellphone captures [34, 52].

For the evaluation dataset, we use Real Forward-Facing [34],
Blender [35] and Shiny [56].

Table 1 presents the quantitative results, while Figure 4
showcases the qualitative results. As shown in Table 1, com-
parison to methods [25, 43, 52] using transformer networks
for feature aggregation, our approach outperforms them un-
der most metrics. Our method outperforms SOTA method
GNT [49] by 4.43%71 PSNR, 4.83%* SSIM, 14.3%] LPIPS
in 3 evaluating dataset evenly. Such results verify the ef-
fectiveness of introducing the complementary appearance
continuity and geometry consistency priors to the feature
aggregation. Additionally, as shown in the second row of Fig-
ure 4, our method successfully reconstructs intricate textural
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Method DTU Blender Model Storage| Time] PSNRT
PSNR{ SSIMtT LPIPS| | PSNRT SSIMT  LPIPS| GNT [49] 112MB 208s 2535

PixelNeRF [63] | 19.31 0.789 0.671 7.39 0.658 0411 GPNR [43] 1IOMB  12min  25.53

IBRNet [52] 26.04 0.917 0.190 22.44 0.874 0.195 EVE-NeRF 53.8MB 194s 27.16

MVSNeRF [4] | 26.63 0.931 0.168 23.62 0.897 0.176

MatchNeRF [7] | 26.91 0.934 0.159 23.20 0.897 0.164 Table 3. Efficiency comparison results in LLFF

EVE-NeRF 27.80 0.937 0.149 23.45 0.903 0.132 dataset on the same RTX4090. Our method

Table 2. Results for setting 2. Our method (EVE-NeRF) is trained on DTU and the
Google Scanned Object dataset with 3 reference views. Our method outperforms on
multiple metrics with other few-shot generalizable neural rendering methods.

details.

Setting 2: Few-Shot NVS. To compare with few-shot gen-
eralizable neural rendering methods [4, 7], we conducted
novel view synthesis experiments with M = 3 input views
in both training and evaluating, following the MVSNeRF [4]
setting. We split the DTU [20] dataset into 88 scenes for
training and 16 scenes for testing, following the methodol-
ogy of prior works. Additionally, we also conducted training
on the Google Scanned Object dataset. As shown in Table
2, we performed a quantitative comparison with 4 few-shot
generalizable neural rendering methods [4, 7, 52, 63] on the
DTU testing dataset and Blender. With only 3 source views
input for setting, our model still achieves good performance.
Our method outperforms SOTA methods MatchNeRF [7] by
2.19%1 PSNR, 13.0%/] LPIPS in 2 evaluating dataset evenly.
Please refer to Appendix D.1 for the qualitative comparison
for setting 2.

Efficiency Comparison. As shown in the Tab 3, our method
is compared with GNT [49] and GPNR [43] in terms of effi-
ciency. We perform the testing of setting 1 in LLFF dataset.
The result illustrates that our method not only requires less
memory and faster rendering time per-image, but also has a
higher PSNR for novel view synthesis.

5.3. Ablation Studies

To evaluate the significance of our contributions, we con-
ducted extensive ablation experiments. We trained on setting
1 and tested on the Real Forward-Facing dataset. For effi-
ciency, in both the training and testing datasets we set the
resolutions of images reduced by half in both the training
and testing datasets, resulting in the resolution of 504 x 378
for the Real Forward-Facing dataset.

Only view/epipolar transformer. In this ablation, we main-
tain only the view/epipolar transformers and NeRF decoder.
As can be observed in the first row of Table 4, using only
view/epipolar transformer reduces PSNR by 6.21% com-
pared to EVE-NeRF due to the limitations of view/epipolar
aggregation in only one dimension.

requires less storage, shorter rendering time
per new view synthesis, and higher quality
reconstruction compared to GNT [49] and
GPNR [43].

Model PSNRT SSIMt1 LPIPS|)
only view transformer 25.03 0.886 0.132
+ along-epipolar perception ~ 25.48 0.892 0.128
only epipolar transformer 25.02 0.879 0.147
+ multi-view calibration 25.17 0.883 0.141
naive dual transformer 25.66 0.890 0.128
+ cross-attention interaction  25.85 0.896 0.120
EVE-NeRF 26.69 0.913 0.102

Table 4. Ablations. The ablation study was conducted by training
in a low-resolution setting 1 and testing on LLFF dataset with the
resolution of 504 x 378.

Along-epipolar perception. Compared with only view
transformer, we retained view transformer with along-
epipolar perception in this ablation. As shown in Table 4 and
Figure 3, using along-epipolar perception would increase
PSNR by 1.80%. The appearance continuity prior provided
by along-epipolar perception compensates for the missing
epipolar information in the pure view aggregation model.

Multi-view calibration. Similarly, against to only epipolar
transformer, we kept the epipolar transformer with multi-
view calibration. As can be observed in Table 4 and Figure
3, adopting multi-view calibration would improve the perfor-
mance of generalizable rendering. It verifies that the multi-
view calibration can enhance epipolar aggregating ability via
geometry prior.

Naive dual network architecture. To validate the effective-
ness of our proposed entangled aggregation, we compared
our EVE-NeRF with two other architectures: the Naive Dual
Transformer and the Dual Transformer with Cross-Attention
Interaction (see Appendix A.4). Our method outperforms
both naive dual transformer by 3.85% and 3.14% PSNR.
Visualization results are provided in Appendix D.3. It is
demonstrated that our proposed EVE-NeRF has a robust
ability to fusing view and epipolar pattern.
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(b) Rendered depth map

Figure 5. Visualizations of adjacent-depth attention map and ren-
dered depth map. By capitalizing on the appearance continuity
prior, adjacent-depth attention boosts the coherence in depth map.
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Figure 6. Line charts of the volume density from a novel view of
the Chair [35]. Red boxes represent correct peaks and black boxes
represent abnormal peaks. Multi-View Calibration learns more
complex signals but with more noise. Volume densities predicted
by EVE-NeRF are more likely to have a single-peak distribution.

5.4. Visualization on Entangled Information Inter-
action

To further validate the entangled information interaction
module’s ability of providing the de facto appearance con-
tinuity prior and geometry consistency prior, we visualize
and analyze the importance weights predicted by the along-
epipolar perception and multi-view calibration.

The along-epipolar perception provides appearance con-
tinuity prior and regresses the importance weights for the
target ray’s sampled depths. Specifically, we obtain a depth
map by multiplying the depth weights with the marching dis-
tance along the ray. As shown in Figure 5, the adjacent-depth
attention map demonstrates a more coherent character, indi-
cating that the along-epipolar perception provides beneficial
appearance consistency prior.

The multi-view calibration provides geometry consis-
tency prior and predicts the importance weights for the
source views. As shown in Figure 6, we visualize two line
charts of the point density. Multi-view calibration learns
more complex light signals, but with a multi-peaked distri-
bution. EVE-NeRF predicts point density distributions with
distinct peaks and reduced noise in the light signals. As
shown in Figure 7, the view transformer and the multi-view
calibration correctly predict the correspondence between the
target pixel and the source views, such as the back of the

(a) View Transformer

(b) Multi-View Calibration (©)

Figure 7. Each color represents the source view ID corresponding to
the maximum weight for the target pixel. Both the view transformer
and the multi-view calibration have successfully learned the cross-
view information from the source views.

chair. Furthermore, both methods predict that the pixels in
the upper right part of the chair correspond to source view 3,
where the upper right part of the chair is occluded. We be-
lieve that EVE-NeRF learns about the awareness of visibility,
even when the target pixel is occluded.

6. Conclusion

We propose a new Generalizable NeRF named EVE-NeRF
that aggregates cross-view and along-epipolar information in
an entangled manner. The core of EVE-NeRF consists of our
new proposed View Epipolar Interaction Module (VEI) and
Epipolar View Interaction Module (EVI) that are organized
alternately. VEI and EVI can project the scene-invariant ap-
pearance continuity and geometry consistency priors, which
serve to offset information losses that typically arises from
single-dimensional aggregation operations. We demonstrate
the superiority of our method in both generalizable and few-
shot NVS settings compared with the state-of-the-art meth-
ods. Additionally, extensive ablation studies confirm that
VEI and EVI can enhance information interaction across
view and epipolar dimensions to yield better generalizable
3D representation.
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