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A IMPLEMENTATION DETAILS

In this section, we illustrate more details about the training, evalu-
ation, and implementation.

A.1 NeRF Architecture

We follow the standard NeRF [3] to set the network architecture.
We also modify the MLP network with some modifications. For GC-
NeREF, there is only a coarse MLP to calculate the volume density
and RGB color of 3D coordinates. Moreover, we adopt the softplus
activation before getting the volume density of the sampled points
for improving stability. Each layer of the MLP network has 256
hidden units, except the last layer has three hidden units to get the
RGB color. Notably, for a fair comparison, we remove the ground-
truth depth map for all methods.

A.2 Matching Points

GC-NeRF sets itself apart from previous methods by requiring only
a minimal percentage (e.g., 1% - 2%) of reliable matching point
relationships between image pairs, as opposed to the 10% or higher
demanded by prior works [6]. To achieve this, we leverage a pre-
trained LoFTR [5] model for extracting matching relationships.
The choice of LoFTR is motivated by its ability to generate high-
quality matching correspondences even in challenging scenarios
like images with weak textures or motion blur. This, in turn, paves
the way for the practical deployment of NeRF from sparse and
unposed views. In the presented approach, we proactively compute
the matching point relationships for image pair Is and Ir, utilizing
the sufficient matching points and the corresponding confidence
provided by LoFTR. Notably, GC-NeRF filters out the matching
associations with a confidence below 0.95, to ensure the robustness
of the pseudo-label. For example, on the LLFF dataset, we observe
an average of 3000-4000 sets of matching points per image pair.

A.3 Implementation Details

Here, we describe the input settings and training details in our
experiments.

Image Size. For the fair comparison, we follow the previous
work [1, 3, 6] to resize the input images to 540960, 378504, and
378*504 of Tanks and Temples, LLFF, and NeRF Real 360 datasets,
respectively. Specifically, all baselines and GC-NeRF have the same
input settings in all experiments.

Loss Weighting. The training of GC-NeRF is split into two
stages. First, we only use the intra-view image photometric supervi-
sion (Eq. (5) in the manuscript) about 2K iterations to assist camera
pose parameters representing discrepancies between each other.
Then Eq. (5) - Eq. (9) supervise together to establish multi-view
geometry consistency for optimizing camera pose and NeRF param-
eters jointly about 8K iterations. In the first stage, the intra-view
image photometric loss has a weight of 1 consistently. We set the
weights A1, A2, and A3 to 107,103, and 1073, respectively. Second,

we freeze camera pose parameters and finetune the NeRF model
with four supervisions until rendering high-quality novel view im-
ages about 10K iterations. In the second stage, the intra-view image
photometric loss also has a weight of 1 consistently. We set the
weights A1, A2, and A3 to 1073, 1074, and 1074, respectively.

A.4 Evaluation Metrics

We elaborate on the details of the equations for metrics below,
which are stemmed from previous research [1, 3, 6].

For Novel View Synthesis, we select Peak Signal-to-Noise Ratio
(PSNR) [1], Structural Similarity Index Measure (SSIM) [7], and
Learned Perceptual Image Patch Similarity (LPIPS) [8] standard
evaluation metrics. The details are as follows:
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where H and W denote the height and width of image size. We
calculate the mean value of three channels. And - depicts the multi-
plication operation.
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where ;1 denotes the mean value. g7 depicts the covariance. og and
or are the variance. ¢1 and ¢ are 1x10™% and 9x 10™%, respectively.
Specifically, we set the size of the slide window as 11 X 11. And N
is the number of slide window.
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where w is the coefficient to scale the activations channel wise. The
settings is as the same as [3, 8].

For Camera Pose Estimation, we employ Relative Pose Error
(RPE) to calculate the relative pose errors between image pairs,
which includes rotation and translation errors [2, 4]. The details
are as follows:

- =

RPE = ([Rs ts] [Rrtr]) '([Rs ts] [Rrir]), )
where S and T are the index of image pairs. Then we calculate the
RPER and RPE; according to RPE, respectively. Notably, rotation
errors are in degree, and translation errors are multiplied by 100.

For Depth Estimation, we follow [1] to adopt the Mean Depth
Absolute Error (MDAE) for comparing the rendered and the ground-
truth depth values. The details are as follows:
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where d is predicted depth of pixel i. d is the GT depth of pixel i.
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B QUALITATIVE COMPARISONS

In this section, we exhibit the qualitative comparisons of GC-NeRF,
SPARF, NoPeNeRF, and GT results, which include the input RGB
images, the output RGB images, and the output depth map. The
comparison is illustrated in Fig. 1. Notably, GC-NeRF produces the
most impressive renderings with significantly reduced artifacts
and improved surface clarity. The learned scene geometry is also
notably sharper and more accurate, as reflected in the depth map
renderings. This observation is further supported in Fig. 2 - 4, where
we provide additional renderings generated by GC-NeRF, SPARF,
and NoPeNeRF across three challenging real-world datasets.

C MORE VISUALIZATIONS OF NOVEL VIEW
SYNTHESIS

In this section, we report more visualization of GC-NeRF, SPARF,
NoPeNeRF, and GT results, which contain the rendered RGB im-
ages and the rendered depth map. The results of three real-world
datasets are illustrated in Fig. 2, Fig. 3, and Fig. 4, respectively. The
results depict that GC-NeRF outperforms all baselines consistently.
It verifies the superiority of image- and region-level geometric
consistencies for GC-NeRF.

D LIMITATION

We further discuss the limitation of GC-NeRF, which we will focus
on in future work. Although GC-NeRF significantly assists the stan-
dard NeRF to achieve SOTA performance by learning the geometry
consistent from sparse and unposed views. It also needs 4-5 hours
to train NeRF and camera pose jointly on a single NVIDIA RTX
3090 GPU for one scene. However, the efficiency is insufficient to
support real-time joint optimization of NeRF on consumer-grade de-
vices. Inspired by prior techniques, we aim to improve GC-NeRF by
leveraging existing acceleration strategies (e.g. baked) in the future.
This will enable GC-NeRF to significantly reduce computational
demands and improve efficiency.

E CODE SEGMENT

Below, we present the key code snippets of GC-NeRF to facilitate
understanding the details of framework.

# compute loss_aps
S_idx, T_idx = get_ST_idx(data_dict[ 1)

intr_T =\
S_idx,

pose_w2c_S, pose_w2c_T, intr_S,

get_ST_pose_intr(data_dict, T_idx)

B, _, H, W = data_dict.image.shape
x_axis = torch.arange(@, W).view(1l, -1).repeat(H, 1)
y_axis = torch.arange(@, H).view(-1, 1).repeat(l, W)
self.grid = torch.stack((x_axis, y_axis),
dim=-1).to(self.device).float ()
self.grid_flat = self.grid[:, :, 11 * W + \
self.grid[:, :, @] # (H, W)

self.grid_flat = self.grid_flat.to(self.device).long()

# sample ramdom rays, 1024

idx = torch.randperm(HxW)[:1024]

sample_pixel_S = self.grid_flat.view(-1)[idx]
sample_pixel_grid_S = torch.stack([sample_pixel_S % W,
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torch.div(sample_pixel_S, W,
rounding_mode= )1, dim=-1) #(N, 2)

sample_pixel_grid_T = sample_pixel_grid_S.clone() #TtoS

# project the coordinates to the other image
pose_w2c_S_4X4= homogeneous (pose_w2c_S)
pose_w2c_T_4X4= homogeneous (pose_w2c_T)

ret_S = self.net.render_image_at_specific_pose_and_rays/(
self.opt, data_dict, pose_w2c_S,
intr_S, H, W, pixels=sample_pixel_grid_S.float(),
mode= , iter=iteration)

ret_T = self.net.render_image_at_specific_pose_and_rays/(
self.opt, data_dict, pose_w2c_T,
intr_T, H, W, pixels=sample_pixel_grid_T.float(),
mode= , iter=iteration)

depth_S = ret_S[ 1.squeeze ()

T_StoT = pose_w2c_T_4X4 @ \

pose_inverse_4x4 (pose_w2c_S_4X4)
sample_pixel_grid_StoT, sample_depth_StoT = \

batch_project_to_other_img(

sample_pixel_grid_S.float(),

depth_S, intr_S,

intr_T, T_StoT, return_depth=True) # (N, 2)
depth_T = ret_T[ 1.squeeze ()
T_TtoS = pose_w2c_S_4X4 @ \

pose_inverse_4x4 (pose_w2c_T_4X4)
sample_pixel_grid_TtoS, sample_depth_TtoS = \
batch_project_to_other_img(
sample_pixel_grid_T.float(), depth_T, intr_T,
intr_S, T_TtoS, return_depth=True) # (N, 2)

# get out-of-bounds mask

valid_pixels_StoT = sample_pixel_grid_StoT[:,0].ge(0) & \
sample_pixel_grid_StoT[:, 1].ge(@) & \
sample_pixel_grid_StoT[:, 0].le(W-1) & \
sample_pixel_grid_StoT[:, 1].le(H-1) & \
sample_depth_StoT.ge(data_dict.depth_range[T_idx][@])

sample_pixel_grid_StoT = \
sample_pixel_grid_StoT[valid_pixels_StoT]

sample_pixel_grid_S = \
sample_pixel_grid_S[valid_pixels_StoT]

sample_depth_StoT = sample_depth_StoT[valid_pixels_StoT]

valid_pixels_TtoS = sample_pixel_grid_TtoS[:,0].ge(0) & \
sample_pixel_grid_TtoS[:, 1].ge(0.) & \
sample_pixel_grid_TtoS[:, 0].le(W-1) & \
sample_pixel_grid_TtoS[:, 1]1.le(H-1) & \
sample_depth_TtoS.ge(data_dict.depth_range[S_idx][@])

sample_pixel_grid_TtoS = \
sample_pixel_grid_TtoS[valid_pixels_TtoS]

sample_pixel_grid_T = \
sample_pixel_grid_T[valid_pixels_TtoS]

sample_depth_TtoS = sample_depth_TtoS[valid_pixels_TtoS]

# visibility mask
with torch.no_grad():
ret_max_depth_at_sampled_T = self.net. \
render_up_to_maxdepth_at_specific_pose_and_rays\
(self.opt, data_dict, pose_w2c_T, intr_T, H, W,
depth_max=sample_depth_StoT,
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pixels=sample_pixel_grid_StoT.float(),
mode= , iter=iteration)
visibility_weight_T = \
ret_max_depth_at_sampled_T[ 1\
.squeeze (@) .unsqueeze (-1) # (N, 1)
assert visibility_weight_T.le(1.).all()

valid_mask_StoT = visibility weight_T.ge(0@.2).reshape(-1)

sample_pixel_grid_S = \
sample_pixel_grid_S[valid_mask_StoT]

sample_pixel_grid_StoT = \
sample_pixel_grid_StoT[valid_mask_StoT]

sample_depth_StoT = sample_depth_StoT[valid_mask_StoT]

with torch.no_grad():

ret_max_depth_at_sampled_S = self.net. \

render_up_to_maxdepth_at_specific_pose_and_rays\
(self.opt, data_dict, pose_w2c_S, intr_S, H, W,
depth_max=sample_depth_TtoS,
pixels=sample_pixel_grid_TtoS.float(),
mode= , iter=iteration)

visibility_weight_S = \
ret_max_depth_at_sampled_S[ 1\
.squeeze (@) .unsqueeze(-1) # (N, 1)

assert visibility_weight_S.le(1.).all()

valid_mask_TtoS = visibility_weight_S.ge(@.2).reshape(-1)

sample_pixel_grid_T = \
sample_pixel_grid_T[valid_mask_TtoS]

sample_pixel_grid_TtoS = \
sample_pixel_grid_TtoS[valid_mask_TtoS]

sample_depth_TtoS = sample_depth_TtoS[valid_mask_TtoS]

ret_StoT = self.net. \
render_image_at_specific_pose_and_rays(
self.opt, data_dict, pose_w2c_T, intr_T, H, W,
pixels=sample_pixel_grid_StoT.float(),
mode= , iter=iteration)
ret_TtoS = self.net. \
render_image_at_specific_pose_and_rays(
self.opt, data_dict, pose_w2c_S, intr_S, H, W,
pixels=sample_pixel_grid_TtoS.float(),
mode= , iter=iteration)

render_rgb_StoT = ret_StoT[ ]

render_depth_StoT = ret_StoT[ 1.squeeze ()
depth_ratio_StoT = render_depth_StoT / sample_depth_StoT

depth_ratio_StoT_mask = \
depth_ratio_StoT.ge(opt.depth_beta) & \
depth_ratio_StoT.le(1 / opt.depth_beta)

img_S = data_dict[ JLS_idx] \
.reshape(1, 3, -1).permute(0,2,1)

sample_pixel_grid_S_long = sample_pixel_grid_S.long()
sample_pixel_idx_S = \
sample_pixel_grid_S_long[:, 11*W + \
sample_pixel_grid_S_long[:, 0]
rgb_S = img_S[:, sample_pixel_idx_S]

render_rgb_StoT = \
render_rgb_StoT[:, depth_ratio_StoT_mask]
rghb_S = rghb_S[:, depth_ratio_StoT_mask]

loss_aps_StoT = loss_func_aps(render_rgbh_StoT, rgbh_S)
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render_rgb_TtoS = ret_TtoS[ ]

render_depth_TtoS = ret_TtoS[ 1.squeeze ()

depth_ratio_TtoS = render_depth_TtoS / sample_depth_TtoS

depth_ratio_TtoS_mask = \
depth_ratio_TtoS.ge(opt.depth_beta) & \
depth_ratio_TtoS.le(1 / opt.depth_beta)

JLT_idx] \
-1) .permute(0,2,1)

img_T = data_dict[
.reshape(1, 3,

sample_pixel_grid_T_long = sample_pixel_grid_T.long()
sample_pixel_idx_T = \
sample_pixel_grid_T_long[:, 11 * W + \
sample_pixel_grid_T_long[:, @]
rgb_T = img_T[:, sample_pixel_idx_T]

render_rgb_TtoS = \
render_rgb_TtoS[:, depth_ratio_TtoS_mask]
rgb_T = rgb_T[:, depth_ratio_TtoS_mask]

loss_aps_TtoS = loss_func_aps(render_rgh_TtoS, rgb_T)

loss_aps = (loss_aps_StoT + loss_aps_TtoS) / 2

# compute loss_mps

_, -, H, W= data_dict.image.shape

id_S, id_matching_view, corres_map_S_to_T_, \
conf_map_S_to_T_, variance_S_to_T_, \
mask_correct_corr = self.sample_valid_image_pair()

# for correspondence loss

corres_map_S_to_T = corres_map_S_to_T_.detach()

conf_map_S_to_T = conf_map_S_to_T_.detach()

mask_correct_corr = \
mask_correct_corr.detach().squeeze(-1) # (H, W)

corres_map_S_to_T_rounded = \
torch.round(corres_map_S_to_T).long() # (H, W, 2)

corres_map_S_to_T_rounded_flat = \
corres_map_S_to_T_rounded[:, :, 11 *x W + \
corres_map_S_to_T_rounded[:, :, @] # (H, W)

pixels_in_S = self.grid[mask_correct_corr] # [N, 2]

ray_in_S_int = self.grid_flat[mask_correct_corr] # [N]

pixels_in_T = corres_map_S_to_T[mask_correct_corr]

ray_in_T_int =\
corres_map_S_to_T_rounded_flat[mask_correct_corr]

conf_values = conf_map_S_to_T[mask_correct_corr]

if ray_in_S_int.shape[@] > self.opt.nerf.rand_rays:
random_values = torch.randperm(ray_in_S_int.shapel[0],
device=self.device)[:self.opt.nerf.rand_rays]
ray_in_S_int = ray_in_S_int[random_values]
pixels_in_S = pixels_in_S[random_values]

pixels_in_T = pixels_in_T[random_values]
ray_in_T_int = ray_in_T_int[random_values]
conf_values = conf_values[random_values]

pose_w2c_S, pose_w2c_T, intr_S, intr_T = \
get_ST_pose_intr(data_dict, id_S, id_matching_view)

pose_w2c_S = homogeneous (pose_w2c_S)

pose_w2c_T = homogeneous (pose_w2c_T)

ret_S = self.net.render_image_at_specific_pose_and_rays/(
self.opt, data_dict, pose_w2c_S[:3]1, intr_S,
H, W, pixels=pixels_in_S, mode= s
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iter=iteration)

render_depth_S = ret_S[ 1.squeeze ()
T_StoT = pose_w2c_T @ pose_inverse_4x4(pose_w2c_S)
pixels_StoT = batch_project_to_other_img(
pixels_in_S.float(), render_depth_S,
intr_S, intr_T, T_StoT, return_depth=False)
pixels_StoT_long = torch.round(pixels_StoT).long()
valid_pixels = pixels_StoT_long[:, 0].ge(0.) & \
pixels_StoT_longl[:, 1].ge(0.) & \
pixels_StoT_long[:, 0].le(W-1) & \
pixels_StoT_long[:, 1]1.1le(H-1)
pixels_StoT_long = pixels_StoT_long[valid_pixels]
pixels_idx_StoT = pixels_StoT_long[:, 1] * W + \
pixels_StoT_long[:, @]

pixels_in_S_long = torch.round(pixels_in_S).long()

pixels_in_S_long = pixels_in_S_longl[valid_pixels]

pixels_idx_S = pixels_in_S_long[:, 1] * W + \
pixels_in_S_long[:, 0]

img_S = data_dict[ JCid_S] \
.reshape(1, 3, -1).permute(0,2,1)

img_T = data_dict[ Jlid_matching_view] \
.reshape(1, 3, -1).permute(@,2,1)

rgb_S = img_S[:, pixels_idx_S]
rgb_StoT = img_T[:, pixels_idx_StoT]

conf_values = conf_values[valid_pixels]

loss_mps = loss_func_mps(rgb_S, rgb_StoT, conf_values)

# compute loss_sss
_, _, H, W= data_dict.image.shape

id_S, id_matching_view, corres_map_S_to_T_, \
conf_map_S_to_T_, variance_S_to_T_, \
mask_correct_corr = self.sample_valid_image_pair ()

# for correspondence loss

corres_map_S_to_T = corres_map_S_to_T_.detach()

conf_map_S_to_T = conf_map_S_to_T_.detach()

mask_correct_corr = \
mask_correct_corr.detach().squeeze(-1) # (H, W)

corres_map_S_to_T_rounded = \
torch.round(corres_map_S_to_T).long() # (H, W, 2)

corres_map_S_to_T_rounded_flat = \

corres_map_S_to_T_rounded[:, :, 1] * W + \

corres_map_S_to_T_rounded[:, :, @] # (H, W)
pixels_in_S = self.grid[mask_correct_corr] # [N, 2]
ray_in_S_int = self.grid_flat[mask_correct_corr] # [N]
pixels_in_T = corres_map_S_to_T[mask_correct_corr]

ray_in_T_int = \
corres_map_S_to_T_rounded_flat[mask_correct_corr]
conf_values = conf_map_S_to_T[mask_correct_corr]

if ray_in_S_int.shape[0] > self.opt.nerf.rand_rays:
random_values = torch.randperm(
ray_in_S_int.shapel[0],
device=self.device)[:self.opt.nerf.rand_rays]
ray_in_S_int = ray_in_S_int[random_values]
pixels_in_S = pixels_in_S[random_values]

pixels_in_T = pixels_in_T[random_values]
ray_in_T_int = ray_in_T_int[random_values]
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conf_values = conf_values[random_values]

pose_w2c_S, pose_w2c_T, intr_S, intr_T = \
get_ST_pose_intr(data_dict, id_S, id_matching_view)

pose_w2c_S = homogeneous (pose_w2c_S)

pose_w2c_T = homogeneous (pose_w2c_T)

ret_S = self.net.render_image_at_specific_pose_and_rays/(
self.opt, data_dict, pose_w2c_S[:3], intr_S, H, W,
pixels=pixels_in_S, mode= , iter=iteration)

ret_T = self.net.render_image_at_specific_pose_and_rays/(
self.opt, data_dict, pose_w2c_T[:3], intr_T, H, W,
pixels=pixels_in_T, mode= , iter=iteration)

render_depth_S = ret_S[
render_depth_T = ret_T[

1.squeeze ()
1.squeeze ()

pose_c2w_S = pose_inverse_4x4(pose_w2c_S)
pose_c2w_T = pose_inverse_4x4(pose_w2c_T)

pts3d_in_w_from_S = batch_backproject_to_3d(
kpi=pixels_in_S, di=render_depth_S, Ki=intr_S,
T_itoj=pose_c2w_S)

pts3d_in_w_from_T = batch_backproject_to_3d(
kpi=pixels_in_T, di=render_depth_T, Ki=intr_T,
T_itoj=pose_c2w_T)

loss_sss = loss_func_sss(pts3d_in_w_from_S,
pts3d_in_w_from_T, conf_values)

# AdaRFF positional encoding

shape = input_position.shape

freq = 2*xtorch.arange(L, dtype=torch.float32,
device=input_position.device) * np.pi

input_position_freq =
input_position[...,Nonel] x freq # [B,... N,L]

pe_encoding = torch.stack([input_position_freq.sin(),

input_position_freq.cos()], dim=-2) # [B,...,N,2,L]
pe_encoding = pe_encoding.view(*shape[:-1],-1)#[B,..,2NL]
rff = rff_parm * input_position[...,None] * freq

rff_encoding = torch.stack([rff.sin(), rff.cos()],
dim=-2)
rff_encoding = rff_encoding.view(*shapel:-1], -1)

W1_APE = torch.matmul (rff_encoding, W1)
W2_PE = torch.matmul (pe_encoding, W2)

sigma = torch.sigmoid(W1_APE + W2_PE)

AdaRFF = torch.mul(sigma, rff_encoding) + \
torch.mul ((1 - sigma), pe_encoding)
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Inputing sparse and unposed views

Inputing sparse and unposed views

L

Figure 1: The qualitative comparisons of baselines and GC-NeRF with unknown pose images (2 views) about novel view
rendering on Tanks and Temples, LLFF, NeRF Real 360 datasets, respectively.
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Figure 2: The visualization of baselines and GC-NeRF with unknown pose images (2 views) about novel view rendering on
Tanks and Temples dataset.
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Figure 3: The visualization of baselines and GC-NeRF with unknown pose images (2 views) about novel view rendering on LLFF
dataset.
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Figure 4: The visualization of baselines and GC-NeRF with unknown pose images (2 views) about novel view rendering on
NeRF Real 360 dataset.
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