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Abstract

Absolute Pose Regression (APR) methods use deep neu-
ral networks to directly regress camera poses from RGB
images. However, the predominant APR architectures only
rely on 2D operations during inference, resulting in limited
accuracy of pose estimation due to the lack of 3D geometry
constraints or priors. In this work, we propose a test-time
refinement pipeline that leverages implicit geometric con-
straints using a robust feature field to enhance the ability of
APR methods to use 3D information during inference. We
also introduce a novel Neural Feature Synthesizer (NeFeS)
model, which encodes 3D geometric features during train-
ing and directly renders dense novel view features at test
time to refine APR methods. To enhance the robustness of
our model, we introduce a feature fusion module and a pro-
gressive training strategy. Our proposed method achieves
state-of-the-art single-image APR accuracy on indoor and
outdoor datasets. Code will be released at https://
github.com/ActiveVisionLab/NeFeS.

1. Introduction
Camera relocalization is a crucial task that allows machines
to understand their position and orientation in 3D space.
It is an essential prerequisite for applications such as aug-
mented reality, robotics, and autonomous driving, where the
accuracy and efficiency of pose estimation are important.
Recently, Absolute Pose Regression (APR) methods [21–
23] have been shown to be effective in directly estimating
camera pose from RGB images using convolutional neu-
ral networks. The simplicity of APR’s architecture offers
several potential advantages over classical geometry-based
methods [5, 43, 45], involving end-to-end training, cheap
computation cost, and low memory demand.

Latest advances in APR, particularly the use of novel
view synthesis (NVS) [10, 11, 29, 32, 33, 49] to generate
new images from random viewpoints as data augmentation
during training, have significantly improved the pose re-
gression performance. Despite this, state-of-the-art (SOTA)

(a) Before Pose Refinement (b) After Pose Refinement

Figure 1. Our pose refinement (R) improves (coarse) pose predic-
tions from other methods using novel feature synthesis to achieve
pixel-wise alignment. Top left / right: 3D plots of predicted
(green) and ground-truth (red) camera positions. Bottom left /
right: alignment between rendered features and query image.

APRs still have the following limitations: (i) They predict
the pose of a query image by passing it through a CNN,
which typically disregards geometry at inference time. This
causes APR networks to struggle to generalize to view-
points that the training data fails to cover [46]; (ii) The un-
labeled data, often sampled from the validation/testing set,
used for finetuning the APR network [8, 10, 11] may not
be universally available in real-life circumstances, and this
semi-supervised finetuning is also time-consuming.

To address these limitations, we propose a novel test-
time refinement pipeline for APR methods. Unlike prior
works that explore extended Kalman filters [34], pose graph
optimization [8], or pose auto-encoders [49], our method
integrates an implicit representation based geometric refine-
ment into an end-to-end learning framework, where gradi-
ents can be backpropagated to the APR network. We test
our proposed method across different APR architectures to

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

20987



demonstrate its robustness and effectiveness. Furthermore,
we propose a Neural Feature Synthesizer (NeFeS) network
to encode the 3D geometry of a scene implicitly into an
MLP. NeFeS renders dense features from novel viewpoints
for refinement. To ensure the robustness of feature render-
ing, we introduce a Feature Fusion module into NeFeS that
combines the rendered color and features and is trained in a
progressive manner. Our method leverages prior literature
on volume rendering to inherently constrain geometric con-
sistency during test time using implicit 3D neural feature
fields. As such, our approach occupies a middle ground be-
tween APR and methods informed by geometry.

We summarize our main contributions as follows: First,
we propose a test-time refinement pipeline that greatly im-
proves the pose-estimation accuracy of any APR model
without using additional unlabeled data and exhibits a new
single-frame APR SOTA performance on standard bench-
marks. Second, we propose a Neural Feature Synthesizer
(NeFeS) network that implicitly encodes 3D geometric fea-
tures. NeFeS refines an initial pose by rendering a dense
feature map and making the comparison with the query im-
age feature. Third, we propose a progressive training strat-
egy and a Feature Fusion module to improve the robustness
of the rendering ability of the NeFeS model.

2. Related Work
Absolute Pose Regression (APR). APR methods have
been widely studied due to their simple and lightweight
formulation that allows the camera pose to be directly re-
gressed using an end-to-end neural network. PoseNet [21–
23] introduced the first APR solution using GoogLeNet-
backbone, followed by various architectures like the hour-
glass network [31], attention layers [50, 51, 61], separated
translation and rotation prediction [35, 63], or LSTM [60].

To further improve APR accuracy, some works utilize se-
quential information. These approches incorporate tempo-
ral constraints such as visual odometry [8, 39, 58], motion
[34], temporal filtering [15], and multitasking [39]. Recent
APR methods also benefit from novel view synthesis, where
one line of approaches focuses on generating large amounts
of extra photo-realistic synthetic data [11, 33, 38] via ran-
domly sampled virtual camera poses. However, generating
high-quality offline synthetic data may take several days
[33] for each scene. Other approaches [10, 11] use NeRF
[29, 32] as a direct matching module to perform unlabeled
finetuning [8] using extra images without ground-truth pose
annotation. However, finetuning takes significant time and
assumes that extra unlabeled data can be easily obtained.

While the aforementioned works enhance APR training,
we focus on improving generic APR methods during test
time. Unlike prior works that only exam means for test-
time refinement on a single specific APR architecture, such
as extended Kalman filters [34], pose graph optimization

[8], or pose auto-encoders [49], our method exhibits strong
flexibility to be adapted to a wide range of APR architec-
tures on both camera positions and orientations, achieving
state-of-the-art results without extra unlabeled data.

Notably, classical geometry-based techniques [4–6, 28,
41, 43–45] that require explicit feature correspondence
search [16, 17, 26, 42, 54, 55] also employ test-time re-
finement to improve localization accuracy. For example,
[28, 41, 43] build upon image retrievals and pre-computed
SfM model to perform standard geometric refinement via
neural network-based feature matcher, PnP+RANSAC, or
dense featuremetric-alignment. Our method, however, of-
fers end-to-end neural feature refinement via implicit repre-
sentation, enhancing existing APR models without external
storage, pre-computed data, or manual tuning.

Neural Radiance and Feature Fields. Neural Radiance
Fields (NeRF) [32] revolutionized novel view image syn-
thesis and 3D surface reconstruction. NeRF’s implicit 3D
representation and differentiable volume rendering enable
self-supervised optimization from RGB images, avoiding
costly 3D annotations. iNeRF [64] showed that NeRF can
be inverted for pose optimization. Recent approaches such
as BARF [27] and its counterparts [3, 14, 62] simultane-
ously train NeRF by treating camera poses as learnable pa-
rameters in simple, non-360°scenes. Parallel works, NICE-
SLAM [65] and iMAP [53], use NeRF for dense geometry
and real-time camera tracking. Direct-PN [10] uses NeRF
as a direct matching module to compute the photometric
errors and propagate the error gradients back to the pose
regression network. DFNet [11] extends this method to out-
door scenarios with robust feature extraction. LENS [33]
uses NeRF to generate a synthetic training dataset based on
manually tuned scene bounds and parameters.

Recently, NeRF models have been extended to directly
predict and render feature fields alongside density and ap-
pearance fields. Typically, these feature fields are learned
by supervision from a 2D feature extractor using volumet-
ric rendering. [2, 24, 57] showed that these 3D feature fields
outperform 2D baselines [9, 12, 25] on downstream tasks
such as 2D object retrieval or 3D segmentation. CLIP-
Fields [48] established feature fields as scene memory for
robot navigation. This work explores distilled neural fea-
ture fields for camera relocalization, highlighting their role
in test-time pose refinement.

3. Method

In this section, we present a detailed outline of our ap-
proach. Sec. 3.1 provides a high-level overview of our re-
finement framework. Sec. 3.2 describes the architecture and
training details of our proposed NeFeS network along with
its two components: Exposure-adaptive Affine Color Trans-
formation (ACT) and Feature Fusion module.
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Figure 2. Illustration of the pose refinement pipeline. The query image is processed by a pose estimator F , typically an absolute
pose regressor, to obtain a coarse camera pose P̂ . Our novel feature synthesizer N renders a dense feature map frend based on P̂ .
Simultaneously, the feature extractor G extracts the feature map fG from the query image. We then compute the feature-metric error
between frend and fG, denoted as Lfeature. This error is backpropagated to update either the parameters of F or the pose P̂ directly.

3.1. Refinement Framework for APR

Given a query image I , an absolute pose regression (APR)
network F directly regresses the camera pose P̂ of I: P̂ =
F(I). The network is typically trained with ground truth
image-pose pairs. While APR-based methods are much
more efficient than geometry-based methods since they re-
quire only a single forward pass of the network, the qual-
ity of their predictions is often significantly worse than
those of geometry-based methods due to the lack of any 3D
geometry-based reasoning [46].

In contrast to prior APR research, which attempts to im-
prove APR by adding constraints to the training loss or
making architectural changes to the backbone network, we
propose an alternative method to refine the results of APR
methods by backpropagating a feature-metric error at in-
ference time. Our method has three major components
(see Fig. 2): (1) a pretrained APR network, denoted as F ,
which provides an initial pose; (2) a differentiable novel fea-
ture synthesizer N that directly renders dense feature maps
given a camera pose; (3) an off-the-shelf feature extractor
G that extracts the dense feature map of the query image.
In our implementation, the feature extraction module from
[11] is employed as the feature extractor G.

The refinement procedure is as follows: (i) The query
image I is passed through the pretrained APR model F to
predict a coarse camera pose P̂ . (ii) The feature synthesizer
N renders a dense feature map frend ∈ Rn×c given the
coarse camera pose P̂ , where n = h × w, and h and w
are the spatial dimensions of the feature map1. (iii) At the
same time, the feature extractor G extracts a feature map
fG = G(I) from the query image, where fG ∈ Rn×c. (iv)
The pose P̂ is iteratively refined by minimizing the feature
cosine similarity loss Lfeature [11] between frend and fG:

1Note: We treat the n dimension as the feature rather than c dimension.

Lfeature =

c∑
i=1

(
1−

⟨frend
:,i · fG

:,i⟩
∥frend

:,i ∥2 · ∥fG
:,i∥2

)
(1)

where frend
:,i , fG

:,i ∈ Rn, ⟨·, ·⟩ denotes the inner product be-
tween two vectors and ∥ ·∥2 represents the L2 norm. Differ-
ent from the common feature matching literature’s [26, 54]
convention, our features are normalized along the spatial
direction instead of the channel direction to ensure the con-
sistency of the neighboring pixels.

Our method can be regarded as post-processing to the
initial pose P̂ . We do not save the updated weights of the
APR method since we restart from the initial state when
given a new query image.

3.2. Neural Feature Synthesizer

We propose a Neural Feature Synthesizer (NeFeS) model
that directly renders dense feature maps of a given view-
point to refine the predictions of an underlying APR net-
work. Similar to NeRF-W [29], our NeFeS architecture
uses a base MLP module with static and transient heads
that predict the static and transient density (σ(s) and σ(τ))
and view-dependent color (c(s) and c(τ)) respectively, given
an input 3D position (x) and viewing direction (d). We use
the frequency encoding [32, 59] to encode all 3D positions
and view directions. The transient head models the colors
of the 3D points using an isotropic normal distribution and
predicts a view-dependent variance value (β2) for the tran-
sient color distribution. To render the color of a given pixel,
the original volume rendering formulation in NeRF [32] is
augmented to include the transient colors and densities, and
the color of a given image-pixel (Ĉ(r)) is computed as a
composite of the static and transient components. Here, r
denotes the ray (corresponding to the pixel) on which points
are sampled to compute the volume rendering quadrature
approximation [30]. The variances of sampled points along
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Figure 3. The architecture of our proposed NeFeS model. The query 3D position x is fed to the network after positional encoding PE(·).
The network then splits into two heads: the static head and the transient head. Given a viewing direction d, the rendered color map is
generated by fusing static RGB value c

(s)
i , the transient RGB value cτi and their corresponding density values σ

(s)
i and στ

i , while the
rendered feature map is formed only by static features fi and density σ

(s)
i . In addition, the color map adopts exposure-adaptive ACT to

compensate for exposure differences between images. The final feature map F̂fusion is the concatenation of rendered RGB and feature
map processed by the feature fusion module.

the corresponding ray are also rendered using only the tran-
sient densities (and not the static densities) to obtain a per-
pixel color variance β(r)2. We refer reader to [29] for more
details on the static+transient volume rendering.

We expand the output of the static MLP to also predict
features for an input 3D position. The output dimension is
Nc +Nf , where Nf features are predicted along with RGB
values. The per-pixel features are rendered using the same
volume rendering quadrature approximation [30]:

F̂f (r) =

N∑
i=1

Ti

(
1− exp

(
−σ

(s)
i δi

))
fi,

Ti = exp

−
i−1∑
j=1

σ
(s)
j δj

 (2)

where fi and σ
(s)
i are the feature and density predicted by

the static MLP for a sampled point on the ray, and δi is the
distance between sampled quadrature points i and i+ 1.

Fig. 3 demonstrates the architecture of our proposed Ne-
FeS model. We propose two crucial components in the ren-
dering pipeline of our NeFeS architecture that ensure the
robustness of our rendered features.

Exposure-adaptive ACT. In the context of camera relo-
calization, testing images may differ in exposure or lighting
from training sequences. To address this, DFNet [11] pro-
posed using the luminance histogram of the query image as
a latent code input to the color prediction head of the NeRF
MLP. However, since our NeFeS outputs both colors and
features simultaneously, we find this approach perturbs the
feature output values and causes instability. Ideally, the fea-
ture descriptors should be able to maintain local invariance
even under varying exposure. Inspired by Urban Radiance
Fields (URF) [40], we propose to use an exposure-adaptive

Affine Color Transformation (ACT) which is a 3× 3 matrix
K and a 3-dimensional bias vector b predicted by a 4-layer
MLP with the query image’s luminance histogram yI . Un-
like URF, which uses a pre-determined exposure code, we
use the query image’s histogram embedding for accurate
appearance rendering of unseen testing images. The final
per-pixel color Ĉ(r) is computed using the affine transfor-
mation as Ĉ(r) = KĈrend(r) + b, where Ĉrend(r) is the
rendered per-pixel color obtained using the static and tran-
sient MLPs.

Feature Fusion Module We propose a Feature Fusion
module to fuse the rendered colors and features to produce
the final feature map. The rendered colors and features are
concatenated and fed into the fusion module consisting of
three 3x3 convolutions, followed by a 5x5 convolution and
a batch normalization layer. During inference, we render
colors and features for all H×W image pixels and the re-
sulting H×W×(Nc+Nf ) tensor is processed by the module.
Note, for efficiency during training, we sample S×S regions
to render and apply the loss to those pixels each iteration.

We use H to represent the fusion module. The final out-
put feature result is:

F̂fusion(R) = H(Ĉ(R), F̂f (R)) (3)

where R is the sampled region as described above.
We experimentally find that the fusion module produces

more robust features than the input rendered features F̂f .
We refer readers to the supplementary for detailed ablations.

Training the Feature Synthesizer The high-level con-
cept of training the NeFeS is motivated by feature field dis-
tillation proposed in [24], which essentially distills the 2D
backbone features into a 3D NeRF model. However, 2D
features in our NeFeS need to be closely related to the di-
rect matching formulation [10, 20]. In this work, we use
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the trained 2D feature extractor from [11] to produce the
feature labels due to its effectiveness in generating domain
invariant features.

Loss Functions. The total loss used to train our NeFeS
model consists of a photometric loss Lrgb and two l1-based
feature-metric losses:

L = Lrgb + λ1Lf + λ2Lfusion. (4)

The photometric loss is defined as the negative log-
likelihood of a normal distribution with variance β(r)2:

Lrgb(r) =
1

2βi(r)2

∥∥∥C(r)− Ĉ(r)
∥∥∥2
2

+
1

2
log β(r)2 +

λs

K

K∑
k=1

σ
(τ)
k

(5)

where r is the ray direction corresponding to an image pixel,
Ci(r) and Ĉi(r) are the ground-truth and rendered pixel
colors. The third term in Eq. (5) is a sum of the transient
densities of all the points on ray r and is used to ensure that
transient densities are sparse.

The feature losses are simply l1 losses:

Lf =
∑
r∈R

∥F̂f (r)− Fimg(I, r)∥1, (6)

and

Lfusion =
∑
r∈R

∥F̂fusion(r)− Fimg(I, r)∥1. (7)

where Fimg(I, ·) are the features extracted from the train-
ing images using the pre-trained 2D feature extractor [11].
Note that, Lf is applied to the rendered features F̂f and
Lfusion is applied to the fused features F̂fusion. We exper-
imentally find that using l1 gives more robust features than
l2 and cosine feature loss for the test time refinement.

Progressive Training. We propose using a progressive
schedule to train the NeFeS model. We first train the color
and density part of the network for T1 epochs to bootstrap
the correct 3D geometry for the network. For these epochs,
only Lrgb is used. Then we add Lf with weight λ1 for the
next T2 epochs to train the feature part of the static MLP.
Since the ground-truth features may not be fully multi-view
consistent, we apply stop-gradients to the predicted den-
sity for the feature rendering branch. And finally, we add
the feature fusion loss Lfusion with weight λ2 for the last
T3 epochs. Since the feature fusion module takes both
RGB images and 2D features as input, we randomly sam-
ple Ncrop patches of S×S regions of the image and fea-
tures to increase training efficiency. According to our ex-
periments, this progressive training schedule leads to bet-
ter convergence and performance. In addition, we apply
semantic filtering to improve the network training results.

Specifically, we use an off-the-shelf panoptic segmentation
method [13] to mask out temporal objects in the scene such
as people and moving vehicles.

3.3. Direct Pose Refinement

While our method is primarily designed to optimize APR,
it is also possible to directly optimize camera pose param-
eters. We explore this feature by showing a possible sce-
nario wherein the source of the pose estimation is either
a black box or cannot be optimized (e.g. the initial cam-
era pose comes from image retrieval). In these settings,
we can set up our proposed method to directly refine the
camera poses. Specifically, given an estimated camera pose
P̂ = [R|t], where R is rotation and t is the translation
component, our method optimizes the camera poses using
tangent space backpropagation2. Additionally, we found
that using two different learning rates for the translation and
rotation parts helps achieve faster and more stable conver-
gence for camera pose refinement. This is different from the
standard convention used in [3, 14, 27, 62] . We refer our
readers to supplementary material for more details.

4. Experiments
We implement our method in PyTorch [37]. Implementa-
tion details about the NeFeS architecture and progressive
training scheduling can be found in the supplementary3.

4.1. Evaluation on Cambridge Landmarks

We evaluate our proposed refinement method on Cam-
bridge Landmarks [23] , which is a popular outdoor dataset
used for benchmarking pose regression methods. The
dataset contains handheld smartphone images of scenes
with large exposure variations and covers an area of 875m2

to 5600m2. The training sequences contain 200-1500 sam-
ples, and test sets are captured from different sequences.
For each test image, we refine the model using the approach
in Sec. 3.1 for m = 50 iterations.

We first test our method on top of an open-sourced SOTA
single-frame APR method. Tab. 1 summarizes the results
of our method and existing APR methods. Our method
achieves the best accuracy across all four scenes when cou-
pled with the DFNet. In Sec. 4.3, we demonstrate the per-
formance of our method with other APR approaches. Par-
ticularly, our method improves DFNet by as much as 70.6%
compared to its scene average results. All the per-scene per-
formances from the other compared methods are taken from
their papers, except for MS-Transformer+PAE, which only
reports the scene average median errors. We encourage our
readers to check out supplementary for more thorough com-
parisons and ablations to the Cambridge Landmarks dataset.

2We use the LieTorch [56] library for this.
3Supplementary: Implementation Details
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Methods Kings Hospital Shop Church Average

PoseNet(PN)[23] 1.66/4.86 2.62/4.90 1.41/7.18 2.45/7.96 2.04/6.23
PN Learn σ2[22] 0.99/1.06 2.17/2.94 1.05/3.97 1.49/3.43 1.43/2.85
geo. PN[22] 0.88/1.04 3.20/3.29 0.88/3.78 1.57/3.32 1.63/2.86
LSTM PN[60] 0.99/3.65 1.51/4.29 1.18/7.44 1.52/6.68 1.30/5.51
MapNet[8] 1.07/1.89 1.94/3.91 1.49/4.22 2.00/4.53 1.63/3.64
TransPoseNet[50] 0.60/2.43 1.45/3.08 0.55/3.49 1.09/4.94 0.91/3.50
MS-Transformer[51] 0.83/1.47 1.81/2.39 0.86/3.07 1.62/3.99 1.28/2.73
MS-Transformer+PAE[49] - - - - 0.96/2.73
DFNet [11] 0.73/2.37 2.00/2.98 0.67/2.21 1.37/4.03 1.19/2.90
DFNet + NeFeS50(ours) 0.37/0.54 0.52/0.88 0.15/0.53 0.37/1.14 0.35/0.77

Table 1. Comparisons on Cambridge Landmarks. We compare our proposed test-time refinement method with single-frame APR
methods. The subscript of NeFeS50 denotes the number of optimization iterations used for APR refinement. We report the median position
and orientation errors in m/°. The best results are highlighted in bold.

Methods Chess Fire Heads Office Pumpkin Kitchen Stairs Average

PoseNet 0.10/4.02 0.27/10.0 0.18/13.0 0.17/5.97 0.19/4.67 0.22/5.91 0.35/10.5 0.21/7.74
MapNet 0.13/4.97 0.33/9.97 0.19/16.7 0.25/9.08 0.28/7.83 0.32/9.62 0.43/11.8 0.28/10.0
MS-Transformer 0.11/6.38 0.23/11.5 0.13/13.0 0.18/8.14 0.17/8.42 0.16/8.92 0.29/10.3 0.18/9.51
PAE 0.13/6.61 0.24/12.0 0.14/13.0 0.19/8.58 0.17/7.28 0.18/8.89 0.30/10.3 0.19/9.52
DFNet 0.03/1.12 0.06/2.30 0.04/2.29 0.06/1.54 0.07/1.92 0.07/1.74 0.12/2.63 0.06/1.93
DFNet + NeFeS50(ours) 0.02/0.57 0.02/0.74 0.02/1.28 0.02/0.56 0.02/0.55 0.02/0.57 0.05/1.28 0.02/0.79

Table 2. Comparisons on 7-Scenes dataset. We compare the proposed refinement method with previous single-frame APR methods.
We evaluate all methods with SfM ground truth poses provided in [7], measured in median translational error (m) and rotational error (°).
Numbers in bold represent the best performance.

(a) dSLAM NeRF (b) SfM NeRF

Figure 4. Qualitative comparison between the NeRFs trained by
dSLAM GT pose (a) vs. SfM GT pose (b). As illustrated, SfM
NeRF (PSNR 19.94 dB) can render superior geometric details
(bottom row) than dSLAM NeRF (PSNR 16.11 dB).

4.2. Evaluation on 7-Scenes

We further evaluate our method on Microsoft 7-Scenes
dataset [19, 52], which includes seven indoor scenes rang-
ing in size from 1m3 to 18m3 and up to 7000 training
images for each scene. We sub-sampled the large train-
ing sequences in the dataset to 1000 images for training
our NeFeS model. The original ‘ground truth’ (GT) poses
are obtained from RGB-D SLAM (dSLAM) [36]. How-

ever, we observe imperfection in the GT poses due to the
asynchronous data between the RGB and depth sequences,
and this results in low-quality NeRF renderings, as shown
in Fig. 4. Thus, we use alternative ‘ground truth’ provided
by [7] for our experiments. The authors [7] demonstrate
that their camera poses reconstructed by COLMAP [47], a
structure-from-Motion (SfM) library, are more accurate for
image-based relocalization. We refer the reader to our sup-
plementary 4 for more details about the GT poses.

For a fair comparison, we use the SfM poses to re-train
baseline APR methods using their official code, except for
PoseNet, in which we use the open-sourced code from [10].
We trained each APR method 3-4 times to select the best-
performing model. We use DFNet + NeFeS50 with the
same settings as in Cambridge for our pose refinement ex-
periment. We achieve state-of-the-art results (59%+ better
in scene average) in all scenes by running 50 optimization
steps (see Tab. 2). The results by using the dSLAM ground-
truth poses are included in the supplementary5, where we
also achieve SOTA accuracy.

It is imperative to note that our method is not constrained
by the number of optimization steps for the refinement pro-
cess. In our experience, nearly 50% of the entire pose error
improvement is accomplished within the initial 10 steps. It

4Supplementary: 7-Scenes Dataset Details
5Supplementary: APR Comparisons with dSLAM GT

20992



Dataset 7-Scenes Cambridge

PoseNet 0.21m/7.74 2.04m/6.23
+ Ours 0.08m/2.83° 0.54m/1.05°

MS-Trans. 0.18m/9.51° 1.28m/2.73°
+ Ours 0.11m/3.46° 0.43m/1.04°

DFNet 0.06m/1.93° 1.19m/2.90°
+ Ours 0.02m/0.79° 0.35m/0.77°

Table 3. Pose refinement on different APR architectures. Our
refinement method can effectively improve pose estimation results
for different APR architectures.

Dataset NetVlad Optimize Pose

7-Scenes 0.32m/13.72° 0.14m/3.97°
Cambridge 3.18m/7.74° 1.15m/1.30°

Table 4. Pose refinement on NetVlad Our method also works on
poses initialized with non-APR-based methods, such as NetVlad
image retrieval. Since the initial pose error is relatively large, we
refine the poses with 100 iterations.

is up to the user to find the optimal trade-off that fits their
computational budget. A detailed analysis of this facet is
provided in Sec. 4.7.

4.3. Refinement for Different APRs

Tab. 3 shows the results of our method with different
APR architectures. Our proposed method exhibits versatil-
ity, operating beneficially under various APR architectures,
such as PoseNet (classic pose regression architecture), MS-
Transformer (EfficentNet CNN backbones with transformer
blocks), and DFNet (multi-task network that predicts do-
main invariant features and poses). A full table with per-
scene results is provided in Supplementary.

4.4. Optimize APR vs. Optimize Pose

Besides boosting APR, our proposed approach can also re-
fine the initial coarse camera pose, as outlined in Sec. 3.3.
We first show a use case of this scenario by coupling our
method with image retrieval, where the initial pose can only
be optimized due to the non-differentiable nature of the re-
trieval process. Given a query image, we retrieve its near-
est neighbor from the training data using NetVLAD [1] and
use the associated pose as the initial pose. We set the learn-
ing rate to be lrR and lrt for rotation and translation com-
ponents, respectively. Specifically, for indoor scenes, we
set lrR = 0.0087 (corresponds to 0.5° in radiance) and
lrt = 0.01. For outdoor scenes, we set lrR = 0.01 and
lrt = 0.1. Tab. 4 summarises the experimental results,
indicating substantial improvements in pose accuracy over
the NetVLAD retrieved coarse pose, exceeding the perfor-

Dataset DFNet Optimize Pose Optimize APR

7-Scenes 0.06m/1.93° 0.04m/1.16° 0.02m/0.79°
Cambridge 1.19m/2.90° 0.66m/1.39° 0.35m/0.77°

Table 5. Pose refinement vs. APR refinement We study on the
optimization over APR vs. the pose. Both methods can effectively
optimize poses. However, optimizing APR can obtain lower errors
than optimizing poses given the same number of iterations.

mance of many prior APR approaches.
We further conducted controlled experiments to investi-

gate if performance disparities exist between two types of
optimization: optimizing the APR’s parameters or directly
optimizing the pose itself. We evaluated both modes on the
DFNet with NeFeS50 refinement, as illustrated in Tab. 5.
The result suggests that while both refinement approaches
can effectively improve the pose accuracy, optimizing the
neural network’s parameters obtains a better result than di-
rectly optimizing the pose itself, which is an interesting
insight. Nevertheless, optimizing the pose remains is also
valuable, particularly when the initial pose is derived from
a non-differentiable or a black-box pose estimator.

4.5. Pose Refinement Bounds

Our refinement method relies on matching rendered fea-
tures with query image features during test time, so it may
fail when there is not sufficient overlap between the two
feature maps. To determine the bounds of our refinement
method, we randomly perturb the ground-truth pose and
determine the maximum perturbation at which our method
stops converging. We jitter the orientation or position of the
ground truth pose components separately while gradually
increasing the magnitude of the perturbation. We use two
scenes, an indoor scene (7-Scenes: Heads) and an outdoor
scene (Cambridge: Shop Facade), to illustrate our results in
Fig. 5. We observe that our method cannot refine pose errors
larger than 35°. In case of translational errors, our method
can refine errors up to 0.6m on Heads (indoor scene) and
up to 4m in Shop Facade (outdoor scene). This difference
may come from the discrepancy in scale between indoor and
outdoor settings. For example, in the small-scale scene of
Heads, the camera is closer to the objects, hence even small
movements lead to a large change in the rendering.

4.6. NeFeS Ablation

This section presents the ablation study of our NeFeS net-
work. In Tab. 6a, we gradually remove the exposure-
adaptive ACT and the Feature Fusion module and evaluate
their impact on the performance of our approach on Cam-
bridge Shop Facade. The results demonstrate that the re-
moval of each component leads to a deterioration in pose
accuracy, indicating the effectiveness of both components.
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Figure 5. Experiments on pose refinement bounds of our method in indoor and outdoor scenes. Each plot shows errors before (x-axis) and
after (y-axis) refinement when ground-truth pose is perturbed by varying magnitudes. Dashed green line is ‘y=x’. Points below this line
indicate a reduction in pose error using our refinement method.

(a) NeFeS Architecture Ablation

Method Shop Facade

Initial Pose Error 0.67m/2.21°
Refine w/ NeFeS (ours) 0.15m/0.53°
- Exposure-adaptive ACT A⃝ 0.15m/1.20°
- A⃝+Feature Fusion 0.37m/1.62°

(b) Training Scheduling Ablation

Method Shop Facade

Combined 0.17m/0.80°
Progressive 0.15m/0.53°

Table 6. (a) Ablation on NeFeS architecture. (b) Ablation on the
proposed training scheduling
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Figure 6. Plots of rotation and translation errors against the num-
ber of iteration on Cambridge: Shop Facade scene.

A noteworthy insight from our architecture design is that the
superior pose estimation accuracy is attributed to integrat-
ing both Exposure-adaptive ACT and the Feature Fusion
module. The feature fusion module can smooth potential
noises (outliers) from directly-rendered 3D features.

In Tab. 6b, we compare our progressive training schedul-
ing with the combined scheduling, where all three loss
terms have been enabled simultaneously since the begin-
ning of the training. The results reveal that the progressive
training scheduling results in better accuracy, providing fur-
ther support for our design decisions.

4.7. Number of Iterations vs. Accuracy Trade-off

In Fig. 6, we plot the relationship between the number of
optimization iterations and pose error. Both translation and
rotation errors reduce significantly within the first 10-20 it-
erations. Hence, given a computational budget, an operat-
ing point can be (optionally) chosen w.r.t. the performance-

time trade-off. The errors start to plateau around 50 steps.
Although we can achieve even lower errors with more it-
erations, we think using 50 steps strikes a balance between
accuracy and efficiency, and explains how we set our previ-
ous experiments.

4.8. Spatial vs Channel-wise Normalization

As described in Sec. 3.1, we empirically find spatial-wise
normalized features yield higher accuracy than channel-
wise normalized features when computing the feature co-
sine similarity loss Lfeature, evidenced by Tab. 7. This
is likely due to our spatially sensitive dense direct match-
ing, akin to methods like Direct Sparse Odometry [18]. In
contrast, channel-wise normalization can introduce incon-
sistencies among neighboring pixels.

Methods Shop

Channel 0.20m/1.05°
Spatial 0.15m/0.53°

Table 7. Performance comparison between using Channel-wise vs.
Spatial-wise normalization in loss Lfeature during refinement.

5. Conclusion
We tackle the camera relocalization problem and improve
absolute pose regression (APR) methods by proposing a
test-time refinement method. In particular, we design a
novel model named Neural Feature Synthesizer (NFS),
which can encode 3D geometric features. Given an esti-
mated pose, the NFS renders a dense feature map, compares
it with the query image features, and back-propagates the
error to refine estimated camera poses from APR methods.
In addition, we propose a progressive learning strategy and
a feature fusion module to improve the feature robustness
of the NFS model. The experiments demonstrate that our
method can greatly improve the accuracy of APR methods.
Our method provides a promising direction for improving
the accuracy of APR methods.
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Hugo Germain, Carl Toft, Viktor Larsson, Marc Pollefeys,
Vincent Lepetit, Lars Hammarstrand, Fredrik Kahl, and
Torsten Sattler. Back to the Feature: Learning robust camera
localization from pixels to pose. In CVPR, 2021. 1, 2

[44] T. Sattler, B. Leibe, and L. Kobbelt. Improving image-based
localization by active correspondence search. In ECCV,
2012.

[45] T. Sattler, B. Leibe, and L. Kobbelt. Efficient & Effective
Prioritized Matching for Large-Scale Image-Based Localiza-
tion. In IEEE TPAMI, 2017. 1, 2

[46] T. Sattler, Q. Zhou, M. Pollefeys, and L. Leal-Taixe. Under-
standing the limitations of cnn-based absolute camera pose
regression. In CVPR, 2019. 1, 3

[47] Johannes Lutz Schönberger and Jan-Michael Frahm.
Structure-from-motion revisited. In CVPR, 2016. 6

[48] Nur Muhammad Mahi Shafiullah, Chris Paxton, Lerrel
Pinto, Soumith Chintala, and Arthur Szlam. Clip-fields:
Weakly supervised semantic fields for robotic memory. In
Workshop on Language and Robotics at CoRL, 2022. 2

[49] Yoli Shavit and Yosi Keller. Camera pose auto-encoders for
improving pose regression. In ECCV, 2022. 1, 2, 6

[50] Yoli Shavit, Ron Ferens, and Yosi Keller. Paying attention to
activation maps in camera pose regression. In arXiv preprint
arXiv:2103.11477, 2021. 2, 6

[51] Yoli Shavit, Ron Ferens, and Yosi Keller. Learning multi-
scene absolute pose regression with transformers. In ICCV,
2021. 2, 6

[52] Jamie Shotton, Ben Glocker, Christopher Zach, Shahram
Izadi, Antonio Criminisi, and Andrew Fitzgibbon. Scene co-
ordinate regression forests for camera relocalization in rgb-d
images. In CVPR, 2013. 6

[53] Edgar Sucar, Shikun Liu, Joseph Ortiz, and Andrew Davi-
son. iMAP: Implicit mapping and positioning in real-time.
In ICCV, 2021. 2

[54] Jiaming Sun, Zehong Shen, Yuang Wang, Hujun Bao, and
Xiaowei Zhou. LoFTR: Detector-free local feature matching
with transformers. CVPR, 2021. 2, 3

[55] Hajime Taira, Masatoshi Okutomi, Torsten Sattler, Mircea
Cimpoi, Marc Pollefeys, Josef Sivic, Tomas Pajdla, , and
Akihiko Torii. InLoc: Indoor Visual Localization with Dense
Matching and View Synthesis. CVPR, 2018. 2

[56] Zachary Teed and Jia Deng. Tangent space backpropagation
for 3d transformation groups. In CVPR, 2021. 5

[57] Vadim Tschernezki, Iro Laina, Diane Larlus, and Andrea
Vedaldi. Neural Feature Fusion Fields: 3D distillation of
self-supervised 2D image representations. In 3DV, 2022. 2

[58] A. Valada, N. Radwan, and W. Burgard. Deep auxiliary
learning for visual localization and odometry. In ICRA, 2018.
2

[59] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszko-
reit, Llion Jones, Aidan N Gomez, Łukasz Kaiser, and Illia
Polosukhin. Attention is all you need. NeurIPS, 2017. 3

[60] F. Walch, C. Hazirbas, L. Leal-Taixe, T. Sattler, S. Hilsen-
beck, and D. Cremers. Image-based localization using lstms
for structured feature correlation. In ICCV, 2017. 2, 6

[61] Bing Wang, Changhao Chen, Chris Xiaoxuan Lu, Peijun
Zhao, Niki Trigoni, and Andrew Markham. Atloc: Atten-
tion guided camera localization. In AAAI, 2020. 2

[62] Zirui Wang, Shangzhe Wu, Weidi Xie, Min Chen, and
Victor Adrian Prisacariu. NeRF−−: Neural radiance
fields without known camera parameters. arXiv preprint
arXiv:2102.07064, 2021. 2, 5

[63] J. Wu, L. Ma, and X. Hu. Delving Deeper into Convolutional
Neural Networks for Camera Relocalization. In ICRA, 2017.
2

[64] Lin Yen-Chen, Pete Florence, Jonathan T. Barron, Alberto
Rodriguez, Phillip Isola, and Tsung-Yi Lin. inerf: Invert-
ing neural radiance fields for pose estimation. In arxiv
arXiv:2012.05877, 2020. 2

[65] Zihan Zhu, Songyou Peng, Viktor Larsson, Weiwei Xu, Hu-
jun Bao, Zhaopeng Cui, Martin R. Oswald, and Marc Polle-
feys. Nice-slam: Neural implicit scalable encoding for slam.
In CVPR, 2022. 2

20996


