






for both images, leading to a total of 2N = 128 tuples.

3.3. Differentiable Rendering via Cross-Attention

To render the target ray, it remains to map the set of
epipolar line samples {(d; f ; f̂)k)2N

k=1 to a color value. As
this operation has to be executed once per ray, a key con-
sideration in the design of this function is computational
cost. We propose to perform rendering via a lightweight
cross-attention decoder.

For each point on the epipolar line, we embed the target
ray origin ot, target ray direction rt, depth with respect to
the target ray origin dt, and context camera ray direction rc

for the epipolar point into a ray query token q via a shallow
MLP as Φ([ot; rt; rc; dt]). The 2N ray feature values are
independently transformed into key and value tokens using
a 2-layer MLP. Our renderer now performs two rounds of
cross-attention over this set of features to obtain a final fea-
ture embedding, which is then decoded into color via a small
MLP.

The expectation of the Softmax distribution over the
sampled features gives a rough idea of the scene depth
as e =

P
k dk�k, where dk denotes the depth of the k-

th epipolar ray sample along the target ray and �k is the
corresponding Softmax weight as computed by the cross-
attention operator. Note that e is not the actual depth but
a measure of which epipolar samples the renderer uses to
compute the pixel color. Unlike volume rendering, where
we need to sample very close to a surface to render its color,
our light field-based renderer can reason about the surface
without exactly sampling on it. The learned cross-attention
layers can use the target camera ray information, along with
a sparse set of epipolar samples, to compute the pixel color.
Thus, our method does not require explicit computation of
accurate scene depth for rendering.

3.4. Training and Losses

We now have a rendered image from a novel camera
viewpoint. Our loss function consists of two terms:

L = Limg + �regLreg : (2)

The first term evaluates the difference between the rendered
image from a novel camera viewpoint, R and the ground
truth, G as:

Limg = ||R−G||1 + �LPIPSLLPIPS(R;G) ; (3)

where LLPIPS is the LPIPS perceptual loss [59]. In practice,
we render square patches with a length of 32 pixels and
evaluate these image losses at the patch level.

We also use a regularization loss on the cross-attention
weights of the renderer for better multi-view consistency:

Lreg =
X
(u,v)

X
(u′v′)∈N (u,v)

((e(u; v) − e(u′; v′))2 : (4)

Here, e(u; v) denotes the expected value of the depth of
the epipolar samples at pixel (u; v), and N () defines the
neighborhood around a pixel.

For better generalization, we further perform several
geometrically-consistent data augmentations during the train-
ing procedure. We center crop and scale the input and target
images, which leads to transformation in the intrinsics of the
camera. We also flip the images which leads to transforma-
tion of the extrinsics.

4. Experiments
We quantitatively and qualitatively show that our ap-

proach can effectively render novel views from wide-
baseline stereo pairs. We describe our underlying experi-
mental setup in Section 4.1. Next, we evaluate our approach
on challenging indoor scenes with substantial occlusions in
Section 4.2. We further evaluate on outdoor scenes in Sec-
tion 4.3. We analyze and ablate the underlying components
in Section 4.4. Finally, we illustrate how our approach can
render novel views of unposed images of scenes captured in
the wild in Section 4.5.

4.1. Experimental Setup

Datasets. We train and evaluate our approach on
RealEstate10k [61], a large dataset of indoor and outdoor
scenes, and ACID [22], a large dataset of outdoor scenes.
We use 67477 scenes for training and 7289 scenes for test-
ing for RealEstate10k, and 11075 scenes for training and
1972 scenes for testing for ACID, following default splits.
We train our method on images at 256 × 256 resolution and
evaluate methods on their ability to reconstruct intermediate
views in test scenes (details in the supplement).

Baselines. We compare to several existing approaches for
novel view synthesis from sparse image observations. We
compare to pixelNeRF [58] and IBRNet [53] that use pixel-
aligned features, which are decoded into 3D volumes ren-
dered using volumetric rendering. We also compare to Gen-
eralizable Patch-based Rendering (GPNR) [47], which uses
a vision transformer-based backbone to compute epipolar
features, and a light field-based renderer to compute pixel
colors. These baselines cover a wide range of design choices
used in existing methods, such as pixel-aligned feature maps
computed using CNNs [53, 58] and transformers [47], volu-
metric rendering by decoding features using MLPs [58] and
transformers [53], and light field-based rendering [47]. We
use publicly available codebases for all baselines and train
them on the same datasets we use for fair evaluations. Please
refer to the supplemental for comparisons to more baselines.

Evaluation Metrics. We use LPIPS [59], PSNR,
SSIM [54], and MSE metrics to compare the image quality
of rendered images with the ground truth.










