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Abstract

Visual localization is a fundamental machine learning problem.
Absolute Pose Regression (APR) trains a scene-dependent
model to efficiently map an input image to the camera pose in
a pre-defined scene. However, many applications have contin-
ually changing environments, where inference data at novel
poses or scene conditions (weather, geometry) appear after
deployment. Training APR on a fixed dataset leads to overfit-
ting, making it fail catastrophically on challenging novel data.
This work proposes Continual Domain Expansion (ConDo),
which continually collects unlabeled inference data to update
the deployed APR. Instead of applying standard unsupervised
domain adaptation methods which are ineffective for APR,
ConDo effectively learns from unlabeled data by distilling
knowledge from scene-agnostic localization methods. By sam-
pling data uniformly from historical and newly collected data,
ConDo can effectively expand the generalization domain of
APR. Large-scale benchmarks with various scene types are
constructed to evaluate models under practical (long-term)
data changes. ConDo consistently and significantly outper-
forms baselines across architectures, scene types, and data
changes. On challenging scenes (Fig. 1), it reduces the local-
ization error by > 7x (14.8m vs 1.7m). Analysis shows the
robustness of ConDo against compute budgets, replay buffer
sizes and teacher prediction noise. Comparing to model re-
training, ConDo achieves similar performance up to 25x faster.

Code — https://github.com/ZijunLi7/ConDo

1 Introduction
Localizing an image in a given scene is a fundamental ma-
chine learning problem. The scene is defined by a set of
reference images with known camera poses, and the task is
to return the camera pose of a query image.

Different types of methods have been developed for visual
localization. Retrieval-based methods search for reference
images similar to the input and use their poses as the out-
put (Torii et al. 2015; Arandjelovic et al. 2016). These meth-
ods require storing the reference images during inference,
which introduces memory overheads. There are also methods
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Figure 1: Teaser. We propose Continual Domain Expansion
(ConDo) for APR, which utilizes unlabeled data seen during
inference to expand the generalization domain of APR. Novel
benchmarks are proposed to study practical scenarios where
images are captured at novel poses or continually changing
environments (left). The x-axis of histograms represents test
data from various scans and y-axis indicates the estimated
position median error. Trained only on data from spring,
the deployed APR cannot handle summer and winter data
(top). ConDo updates the model continually with unlabeled
inference data and limited computation budgets, effectively
expanding the generalization domain over time (bottom).

applying explicit geometric optimizations to obtain more fine-
grained poses (Sarlin et al. 2019; Hyeon, Kim, and Doh 2021;
Kim, Koo, and Kim 2023). Though more accurate, geometric
optimization introduces computational overheads, making
them limited when facing real-time applications. Absolute
pose regression (APR) (Kendall, Grimes, and Cipolla 2015;
Brahmbhatt et al. 2018) is an important type of visual localiza-
tion methods. It trains a light-weight scene-dependent neural
network to directly output the camera pose of the query image.
Such direct image-to-pose mapping makes APR highly effi-
cient for both computation and memory (see Appendix A.1
for comparisons), suitable for real-time applications on edge
devices. Comparing to multi-view methods like SLAM (Cam-
pos et al. 2021), APR can derive camera poses from a single
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image. Though with clear advantages, the scene-dependent
model training also limits the robustness of APR on novel
data seen during inference (Sattler et al. 2019). The novel
data can be captured either at poses distant from the training
data (Sattler et al. 2019), or with unseen lighting, weather,
or geometry (new construction) conditions caused by the
change of time (Cai and Müller 2023). Fig. 1 shows an ex-
ample (top) where the model only trained on data captured
in spring sees inference data from summer and winter. The
accuracy dropped heavily even though different trajectories
have similar pose distributions.

A naive solution for this problem is to obtain new data
with ground truth (GT) that cover novel poses and scene
conditions, train a new model from scratch on both historical
and new data, and then deploy the new model for inference.
However, obtaining ground-truth data for APR often requires
manual scene traverses with 3D scanners, which not only
introduces extra laboring costs but also cannot guarantee to
cover all novel data in a continually changing environment.
Meanwhile, re-training models with more data needs more
computation and time to converge.

In this work, we propose Continual Domain Expansion
(ConDo) for APR. ConDo leverages unlabeled data seen af-
ter model deployment to continually and efficiently update
APR. Though unsupervised domain adaptation methods have
been proposed for standard classification/regression tasks,
as shown later in the experiments, they struggle to generate
effective supervision signals for APR. Inspired by the fact
that scene-agnostic methods (Arandjelovic et al. 2016; Sar-
lin et al. 2019; Von Stumberg and Cremers 2022; Campos
et al. 2021) are much more robust to scene and pose changes,
we instead generate supervision signals on unlabeled data
by distilling knowledge from them. As shown in Fig.1, this
simple yet effective strategy improves not only the perfor-
mance on data from the same domain, but also the general
robustness of APR, leading to better performance on other do-
mains. Meanwhile, the model is updated continually without
re-training, so that the computation does not grow over time.
Besides the case of a single scene, the multi-head architecture
is applied to make ConDo also applicable to sequentially re-
vealed new scenes with a minimal model parameter increase.
To thoroughly evaluate APR on data with practical changes,
we construct benchmarks that cover 1) indoor and outdoor
scenes, 2) large-scale city-level data, 3) (long-term) scene
changes and novel camera poses.

Experiments validate the effectiveness of ConDo on dif-
ferent baseline architectures and data with both scene and
pose changes. It reduces the localization error by more than
an order of mangnitude on challenging data. Comprehensive
analysis shows the robustness of ConDo w.r.t. the knowledge
distillation teacher, replay buffer sizes, compute budgets and
so on. Comparing to model re-training, ConDo can reach
similar performance with up to 25x compute/time reduction.

2 Related Work
Absolute pose regression. APR is a classical visual local-
ization approach, which directly regresses the camera’s pose
based on a single input image when revisiting a known en-
vironment. (Kendall, Grimes, and Cipolla 2015) proposed

the first APR method, which contains a feature extractor and
pose regressor in the architecture. Follow-up methods im-
prove the performance by introducing attention layers (Wang
et al. 2020), Transformers (Shavit, Ferens, and Keller 2021)
and Diffusion models (Wang et al. 2023). To better lever-
age scene information, visual odometry and motion con-
straints (Brahmbhatt et al. 2018; Xue et al. 2019) have
been introduced. Recently, NeRFs (Neural Radiance Fields)
have been used to generate more data (Moreau et al. 2022;
Chen et al. 2022) or geometric constraints (Chen, Wang,
and Prisacariu 2021; Moreau et al. 2023) for APR train-
ing. Though efficient, APR struggles to generalize to novel
poses (Sattler et al. 2019) and scene changes (Cai and Müller
2023). ConDo is designed to address this problem.
Continual learning and other related problems. Conven-
tional continual learning methods (Kirkpatrick et al. 2017;
Aljundi, Chakravarty, and Tuytelaars 2017) aim to pre-
vent catastrophic forgetting with limited storage. Recent ap-
proaches (Cai, Sener, and Koltun 2021; Prabhu et al. 2023)
switch the focus to limited computation, aiming to achieve
fast adaptation under practical limitations of training re-
sources. This setup is similar to ConDo except that the ground
truth labels are assumed to be available during continual
model updates, which is impractical for localization systems
that require high-end scanning devices to obtain accurate
labels. Unsupervised domain adaptation (UDA) (Chen et al.
2021; Nejjar, Wang, and Fink 2023) aims to adapt a pre-
trained model to a target domain without ground truth. For-
getting and computation budgets are not the major concern.
Meta-learning (Finn, Abbeel, and Levine 2017) trains on di-
verse tasks to adapt with GT labels during inference, both
of which are difficult to obtain for APRs. ConDo aims to
continually adapt to new domains while preserving the per-
formance of old ones. ConDo distills knowledge from scene-
independent localization methods, which is more effective
than standard UDA methods for APR.

3 Method
3.1 Preliminaries
Given an image I ∈ RH×W×C , APR (Kendall, Grimes, and
Cipolla 2015) learns a function t, r = f(I|θ) parametrized
by the neural network weights θ that maps I to the camera
position t ∈ R3 and orientation r ∈ R4 in a pre-defined scene
Ω. Ω is defined by a set of training images SΩ = {IΩ

i }Ni=1

with known poses PΩ = {tΩ
i , r

Ω
i }Ni=1. The function f is a

neural network commonly comprised of a feature extractor g
and a regressor h, i.e., f = h ◦ g where g extracts the image
level feature and h projects the extracted feature to t and r.
Conventional APR frameworks train models on SΩ and PΩ

with the regression loss (Kendall and Cipolla 2017):

L(I, t∗, r∗) = ‖t−t∗‖e−st+st+‖r−
r∗

‖r∗‖
‖e−sr+sr, (1)

where t and r are the predicted pose on I, (t∗, r∗) ∈ PΩ are
the ground truth, and st and sr are learnable parameters to
balance the position and orientation losses. After training, the
APR model is deployed to the environment for inference.

14629



Figure 2: ConDo Pipeline. Left: After the normal APR training on labeled data, the model is deployed to the client. Right: After
deployment, the client uploads the unlabeled data to the server. The server continually expands the generalization domain of
APR by updating it with the labeled training data (SΩ,PΩ), unlabeled data ∆ and a scene-independent teacher method fteacher
for knowledge distillation. Limited computation is assigned to each round of model update to ensure practical efficiency.

3.2 Continual Domain Expansion (ConDo)

Due to the scene-dependent nature, the deployed APR model
cannot generalize well to images that have highly different
poses or scene conditions compared to the training data SΩ.
The key idea of Continual Domain Expansion (ConDo) is to
continually update the APR model using the unlabeled data
seen naturally after model deployment, so that the model can
generalize to more novel poses and scene conditions over
time by simply running in the environment.

As shown in Fig. 2, ConDo starts from the model θ trained
on (SΩ,PΩ). After model deployment, the (potentially mul-
tiple) clients, which use the newest model θ to perform lo-
calization, upload (asyncronously) the observed images to
the server. The server collects all newly received images at
time step k. These images are added to the pool of unlabeled
data ∆ = {I∆

j }Mj=1 and the current model θk is updated
asynchronously from the clients using SΩ

⋃
∆, with limited

computation that is much less than model re-training. θk is
re-deployed to the client after the update is finished.

In the main experiment of Sec. 5, we impose the con-
straint so that the compute for the pre-exectued model train-
ing plus all update rounds of ConDo is the same as training
one APR model from scratch on SΩ

⋃
∆. This ensures that

each ConDo update round uses much less compute and time
compared to model re-training, so that it can be applied to
life-long scenarios. We also experiment with various fixed
computation budgets to validate the effectiveness of ConDo
in applications with different resource limits.

To expand the generalization domain of APR without for-
getting, we uniformly sample images from SΩ

⋃
∆ to form a

training batch during the model update. Though unsupervised
domain adaptation (UDA) methods (Chen et al. 2021; Nejjar,
Wang, and Fink 2023) have been proposed for standard image
classification and regression, empirically (Sec. 5.2) they are
not effective for APR. To generate effective supervision on
unlabeled data ∆, we opt for a distillation-based approach.
Inspired by the fact that scene-independent methods (Arand-

jelovic et al. 2016; Sarlin et al. 2019; Von Stumberg and
Cremers 2022), though slower and more memory consuming
during inference, are much more robust than APR to novel
poses and scene conditions, we distill the knowledge from
these methods to APR using ∆, so that the inference model
can still maintain the memory and computation efficiency.
Specifically, given a scene-independent method fteacher(·),
and a batch of data BΩ

⋃
B∆ sampled from SΩ

⋃
∆, the

training objective is

minimize
θ

∑
IΩ∈BΩ

L(IΩ, t∗IΩ , r
∗
IΩ) +

∑
I∆∈B∆

Ldistill(I
∆, fteacher)

|BΩ|+ |B∆| ,

(2)
where t∗IΩ , r∗IΩ are the ground truth pose of IΩ. We choose
HLoc (Sarlin et al. 2019) as the default fteacher, with
scene map built on (SΩ,PΩ) (See Table.5 for the robust-
ness of ConDo with other teachers). We set Ldistill =
L(I∆, fteacher(I

∆)), i.e., substituting the output of fteacher into
Eq. (1). As shown later in Sec. 5, this simple yet effective
loss is sufficient to approach the performance of training with
ground truth poses on ∆, and is robust to the choice of fteacher.
Meanwhile, distilling knowledge on data from new domains
not only benefits the performance on the same domain, but
can also improve the general robustness of APR, especially
under scene condition changes.

By default, we assume the server has sufficient storage
to maintain all historical data. For applications with limited
server storage, we apply reservoir sampling (Rebuffi et al.
2017) to update the replay buffer. Given a sequence of K
images and a storage M sufficient to maintain N images,
we push the first N images to the storage as usual. For the
i-th image where i > N , we generate a random integer α
between [1, i]. If α ≤ N , we replace the α-th image stored
in M with the i-th image in the sequence. Otherwise, we
drop the i-th image. As shown later in Sec. 5.2, ConDo with
reservoir sampling is robust to the replay buffer size.

For architectures capable of handling multiple
scenes (Shavit, Ferens, and Keller 2021, 2023), ConDo
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can also be applied when training data of new scenes and
the inference data of old scenes arrive sequentially and
interchangeably. When training data of a new scene is
available during ConDo, we simply add an extra regression
head to cope with new scene coordinates and perform normal
ConDo training following Eq. (2). The only difference is that
now the replay data of ConDo are sampled from all observed
scenes. This strategy ensures that APR can handle both data
from the same scene and the sequentially revealed multiple
scenes, with a minor model parameter increase.

4 Benchmark

To thoroughly evaluate ConDo in practical scenarios, we
construct large-scale benchmarks covering both the change
of scene conditions (lighting, weather, season) and camera
poses. Specifically, we collect public datasets with multiple
rounds of scans of the same scene. To simulate the practi-
cal scenario, we split multiple scans of the same scene into
training and inference and reveal the inference scans sequen-
tially, i.e., every round of ConDo model update starts when
a new inference scan is revealed. We randomly hold out 1

8
images in each scan (training and inference) and use them
to evaluate the generalization of APR on the corresponding
scan. To create challenging evaluation data, instead of hold-
ing out individual images uniformly distributed in each scan,
we hold several sets of images where each set is a continuous
trajectory of the scan consisting of 16 images (see Fig. 3).
The held-out evaluation data allow us to fully evaluate APR
on images unseen both during normal training and ConDo.

To simulate novel poses and the sequentially revealed
multiple scenes, we adopt standard APR datasets, namely,
7Scenes and Cambridge (Glocker et al. 2013; Kendall,
Grimes, and Cipolla 2015). These two datasets represent the
case of indoor and outdoor scenes respectively and different
scans of the same scene contain distinct trajectories, which
are suitable to evaluate the case of novel poses. We adopt
the same training and inference split as in the baseline APR
methods (Kendall, Grimes, and Cipolla 2015; Shavit, Ferens,
and Keller 2021). Please refer to Appendix A.2 for detailed
information about the train/inference scan split, multi-scene
revealing order, the used coordinate system, etc.

The drawbacks of 7Scenes and Cambridge are the limited
scene scale (< 140m × 40m) and scene condition change.
The lighting and weather conditions of both datasets remain
similar in different scans, and there are no obvious long-term
scene changes (seasonal) observed. To address these issues,
we utilize large-scale driving datasets with both significant
lighting changes (daytime to night time) and long-term scene
changes (spring to winter). Specifically, we take the Office
Loop and Neighborhood, which are two large-scale scenes
in 4Seasons (Wenzel et al. 2021) with a sufficient amount of
scans (> 6) in the same scene. Each scan in these two scenes
has a > 2km trajectory spanned at multiple city blocks,
which is much larger than conventional APR datasets. See
Fig. 4 for sample images from different scene scans and
Appendix A.2 for the concrete train/inference scan split.

Office Loop Chess

-400m

0

400m

-300m 300m0
-1m

0

1m

-1m 1m0

Training/Inference data Held-out test data

Figure 3: Data split visualization. 1
8 images in each scan

(training and inference) are held out for evaluations. To create
challenging evaluation data, We randomly hold several sets
of images where each set is a continuous trajectory of the
scan consisting of 16 images. Left: Outdoor Office Loop data.
Right: Indoor Chess scene in 7Scenes.

Spring Sunny Summer Sunny Winter SunnyWinter Snowy

Figure 4: Office Loop images. Obvious differences exist be-
tween training (Spring Sunny) and inference scans, e.g., over-
exposure (Summer Sunny), snow (Winter Snowy) and mov-
ing objects (Winter Sunny).

5 Experiments
Architectures. We validate ConDo on two representative
APR architectures, namely PoseNet (PN) (Kendall, Grimes,
and Cipolla 2015) and Pose-Transformer (PT) (Shavit, Fer-
ens, and Keller 2021, 2023), which covers respectively the
classic APR architectures for single and multiple scenes.
Implementation. Unless otherwise stated, the code and
hyper-parameter settings of the baselines strictly follow the
official code release. The original Pose-Transformer can use
multiple regression heads and scene-dependent latent em-
beddings to handle multiple scenes. We only apply multiple
regression heads since it is sufficient to achieve similar per-
formance (Appendix A.4). APRs are first learned on train-
ing data until converging in the initial training. In the main
experiment, we follow the setup of large scale continual
learning (Cai, Sener, and Koltun 2021) and limit the com-
putation budget of ConDo by first identifying the budget
b = epoch ∗ iteration per epoch ∗ batch size/|SΩ| for the
baseline APR model to converge on the initial training data
SΩ. b represents the average number of iterations required
per image. Then for every round of ConDo update with N
images newly revealed, we assign N ∗ b/batch size training
iterations (see Appendix A.2 for actual numbers of b) with
the same batch size as the initial training, so that the whole
ConDo procedure including initial training and all ConDo
updates, consumes roughly only the budget to train one APR
model from scratch on all revealed data. This ensures that we
use much less computation than model re-training in every
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Model Strategy
Office Loop Neighborhood

Training scan held-out data Inference scan held-out data Training scan held-out data Inference scan held-out data
Median Mean Median Mean Median Mean Median Mean

PN

1.Train-only 2.03/0.60 2.54/1.08 18.10/2.68 100.42/16.42 1.19/0.79 1.57/1.33 10.99/3.74 27.67/13.88
2.ConDo 1.66/0.25 2.03/0.37 2.16/0.52 2.61/0.88 1.12/0.33 1.36/0.68 1.14/0.45 1.39/0.59

3.Re-train with GT 1.64/0.20 2.05/0.30 1.80/0.19 2.42/0.51 0.99/0.26 1.23/0.37 1.00/0.23 1.29/0.31
Improvement (1−2) 0.37/0.35 0.51/0.71 15.94/2.16 97.81/15.54 0.07/0.46 0.21/0.65 9.85/3.29 26.28/13.29

PT

1.Train-only 1.70/0.29 1.82/0.84 6.12/16.14 42.15/43.24 1.22/0.35 1.33/0.75 2.99/1.33 17.69/23.64
2.ConDo 1.34/0.21 1.45/0.49 1.50/0.49 1.86/1.31 0.87/0.24 0.94/0.40 0.89/0.38 1.04/0.50

3.Re-train with GT 1.41/0.19 1.39/0.64 1.46/0.18 1.59/0.63 0.73/0.22 0.77/0.36 0.76/0.19 0.84/0.33
Improvement (1−2) 0.36/0.08 0.37/0.35 4.62/15.65 40.29/41.93 0.35/0.11 0.39/0.35 2.10/0.95 17.65/23.14

Table 1: Results on scene condition changes. Position (m) / orientation (◦) errors are reported for various strategies and
architectures. Results on training and inference scans are reported separately for better analysis. ConDo improved the deployed
APR (Train-only) by a large margin across architectures and scenes, reaching near upper bound Re-train with GT performance
with limited computation budgets for model updates.

Model Strategy
7Scenes Cambridge

Training scan held-out data Inference scan held-out data Training scan held-out data Inference scan held-out data
Median Mean Median Mean Median Mean Median Mean

PN

1.Train-only 0.023/0.925 0.027/1.236 0.303/9.536 0.374/15.228 0.933/2.722 1.284/4.889 1.405/3.292 2.280/4.778
2.ConDo 0.069/2.198 0.078/2.460 0.080/2.641 0.097/3.042 1.259/3.131 1.711/5.573 1.052/2.612 1.518/3.560

3.Re-train with GT 0.024/0.995 0.029/1.265 0.024/1.016 0.028/1.191 0.786/2.446 1.228/4.896 0.864/2.155 1.288/2.797
Improvement (1−2) -0.046/-1.273 -0.051/-1.224 0.223/6.895 0.277/12.186 -0.326/-0.409 -0.427/-0.684 0.353/0.680 0.762/1.218

PT

1.Train-only 0.021/1.158 0.025/1.547 0.198/8.373 0.284/12.162 0.806/2.502 1.084/5.756 1.101/2.682 1.877/3.536
2.ConDo 0.049/1.581 0.054/1.885 0.065/2.113 0.077/2.381 0.816/2.555 1.170/6.608 0.696/2.106 1.134/3.470

3.Re-train with GT 0.026/1.267 0.030/1.535 0.026/1.261 0.030/1.507 0.709/2.228 1.041/4.738 0.690/2.012 1.030/2.550
Improvement (1−2) -0.028/-0.423 -0.029/-0.338 0.133/6.260 0.207/9.781 -0.010/-0.053 -0.086/-0.852 0.405/0.576 0.743/0.066

Table 2: Results on pose changes. Position (m) / orientation (◦) errors are reported for various strategies and architectures.
Though seeing data with novel poses and from other scenes might not always benefit the performance on historical data, ConDo
still consistently and significantly improved the generalization on inference scans.

round of ConDo update. See Sec. 5.2 for the comparison
of ConDo and model re-training with varied computation
budgets. All models are trained using one RTX-4090 GPU.
Evaluation protocol. Following the standard (Kendall,
Grimes, and Cipolla 2015), we compute the median/mean
camera position (m) and orientation (◦) error for different
methods. For baselines, we train the model on the initial train-
ing data and evaluate the performance on all held-out test
data (from both the training and inference scans). For ConDo,
we first train the model over the initial training data, perform
ConDo updates sequentially on all inference scans, and then
evaluate the final model on the held-out data.

5.1 Main Results
Table 1 and 2 show the main results on benchmarks con-
structed in Sec. 4 with respectively the scene condition (Of-
fice Loop and Neighbourhood) and pose (7Scenes and Cam-
bridge) changes. For each architecture (PN and PT), we show
the results of 3 training frameworks:

1. Train Only: Normal APR training on the initial data SΩ.
Representing the practical base APR performance.

2. ConDo: The proposed ConDo strategy.
3. Re-train with GT: Train an APR model from scratch until

convergence (infinite computation budget at any time) on
both the training and inference data (SΩ

⋃
∆), with the

GT label on ∆ provided. This setup estimates the best
performance that ConDo can achieve.

See Sec. 5.2 for further comparisons between ConDo and
standard UDA methods.

ConDo significantly improved the performance across
baseline architectures and datasets. This shows the capa-
bility of ConDo to adapt to both scene condition change
(Office Loop and Neighbourhood) and data from novel poses
(7Scenes and Cambridge), and sequentially learn to localize
in multiple scenes (7Scenes and Cambridge). Before ConDo,
the mean error of the baselines was much larger than the me-
dian error on the inference scans of large-scale datasets. E.g.,
PT had 42.15m mean error vs 6.12m median error on Office
Loop. This indicates the existence of catastrophically failing
predictions (see Fig. 5 for visualizations). After ConDo, not
only mean and median errors were reduced significantly (by
23x and 4x respectively), but also the difference between
them became small. This change shows the significantly im-
proved generalization of ConDo.

The performance difference between ConDo and Re-train
with GT was small, even though 1) ConDo only used unla-
beled inference data, and 2) used limited compute for model
updates on sequentially revealed data. For example, Re-train
with GT on Office Loop with PT used ∼ 120h to reach the
reported performance and performed much worse with less
compute (see Sec. 5.2), while each ConDo update round only
took ∼ 20h, i.e., achieving similar accuracy with only 1

6 of
the compute. Note that this difference will further increase
over time with more data collected. Interestingly, ConDo
performed marginally better Re-train with GT in Office Loop,
it was because HLoc we used is very accurate in this dataset,
especially in terms of translation (see Table. 5 for details).

Another interesting observation is that whether new data
helps the general robustness of an APR model depends on
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Figure 5: Result visualization on Office Loop. We visualize results on training and inference scans, where dark blue points
indicate held-out test data and grey-green indicates training/inference data. Due to the space limit, we only visualize one training
scan (Train Scan 3), see Appendix A.6 for other training scans. Train-only performed well on Train Scan 3, but cannot handle
unseen scene condition changes (top row). By updating with unlabelled inference data, ConDo not only adapted to inference
scans, but also generalized to the training ones (1.87m to 1.22m on the held-out data of Train Scan 3).

the type of change in the data. For data with scene condi-
tion changes (Table 1), learning from more data significantly
improved the accuracy not only on the new scans, but also
on previously seen scans. This result shows that training on
more diverse data with different scene conditions helps to
improve the general robustness of APR. On data with pose
changes (Table 2), seeing new data may not always help the
performance of old ones, even with ground truth labels (Re-
train with GT). Appendix A.5 further analyzes the detailed
reason for this phenomenon.

Fig. 5 visualizes the result of PT on Office Loop. Con-
sistent with the conclusion from quantitative results, due to
the weather/lighting condition change, the performance of
APR dropped significantly on the inference scans, with many
severe localization errors, especially in Inference Scan 4. Af-
ter ConDo, these severe errors completely disappeared, and
the localization accuracy not only improved on the inference
scans, but also on the training ones (1.87m to 1.22m on the
held-out data Train Scan 3). Fig. 6 shows the model accuracy
on the held-out data of different scans after each round of
ConDo update, which shows that seeing more data during
ConDo can improve the general robustness of APR, resulting
in a steady accuracy improvement. Note that the accuracy
improvement on the training data was not caused by more
training iterations in ConDo, since we have ensured that the
model has converged during the Train Only phase, i.e., more
training iterations without additional data would not help.

5.2 Analysis
This section analyzes the effectiveness of individual ConDo
components, and we report results on Office Loop in the for-
mat of position (m)/orientation (◦) error. ConDo vs UDA.
As mentioned in Sec. 3.2, unsupervised domain adaptation
(UDA) is widely used to adapt models to novel data. In Ta-
ble. 3, we compare ConDo with 3 most applicable UDA base-
lines, namely, RSD (Chen et al. 2021), DARE (Nejjar, Wang,
and Fink 2023) and MICmae (Hoyer et al. 2023). Following

Train-only ConDo Re-train with GT
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Figure 6: Intermediate ConDo performance. The median
position error (m) of PT on Office Loop is reported. The x
axis indicates the scans seen in each round of ConDo update.
ConDo updates improved the accuracy not only on the current
scan, but also on other scans. See Appendix A.7 for the
version with Train Scan 1-3 in separate figures.

the original papers, we reduce the feature dimension of RSD
and DARE (from 1024) to 512 to avoid divergence. Empiri-
cally, RSD still diverges with this strategy, hence we report
its result before divergence. We also run Train-only512 with
512 dimension features to show the improvements of RSD
and DARE. We also try MICmoco which replaces masked
inputs of MICmae with augmented ones. Since MIC is com-
patible with ConDo supervision, we also combine it with
ConDo (MICmae/moco+ConDo). As shown in Table. 3, RSD
and DARE have minor improvements over Train-only512
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Strategy Train scan held-out data Infer scan held-out data
Median Mean Median Mean

Train-only512 2.00/0.29 2.20/0.74 6.79/12.77 55.28/44.41
RSD 1.99/0.30 2.09/0.80 6.65/12.52 53.55/43.30

DARE 1.86/0.29 1.98/0.73 6.72/13.08 54.19/44.13
Train-only 1.70/0.29 1.82/0.84 6.12/16.14 42.15/43.24
MICmae 2.59/0.73 3.03/2.19 6.29/39.87 20.03/50.99
MICmoco 2.30/0.54 4.51/3.86 5.74/77.61 15.37/63.77

MICmae+ConDo 2.42/0.69 2.67/1.81 4.39/4.30 8.42/18.85
MICmoco+ConDo 2.19/0.45 4.34/1.36 4.15/2.62 10.19/19.78

ConDo 1.34/0.21 1.45/0.49 1.50/0.49 1.86/1.31

Table 3: Comparison to UDA methods. We compare ConDo
with RSD and DARE which are the latest UDA regression
strategies, as well as the most effective and applicable strategy
in UDA classification, MIC, and we modified its output from
class distribution to regression space for the localization task.

Rate Time Strategy Train scan held-out data Infer scan held-out data
Median Mean Median Mean

unlimited 120h Re-train 1.41/0.19 1.39/0.64 1.46/0.18 1.59/0.63

1 20h Re-train 1.86/0.24 1.90/0.65 1.79/0.44 2.01/1.19
ConDo 1.34/0.21 1.45/0.49 1.50/0.49 1.86/1.31

1/2 10h Re-train 2.03/0.36 2.07/0.84 2.12/0.57 2.30/1.47
ConDo 1.56/0.24 1.72/0.61 1.64/0.50 1.92/1.39

1/4 5h Re-train 2.75/0.61 2.97/1.20 2.70/0.65 3.11/1.58
ConDo 1.81/0.27 1.88/0.64 1.91/0.52 2.34/1.49

1/8 2.5h Re-train 3.46/0.78 3.64/1.56 3.42/0.87 3.68/1.98
ConDo 1.95/0.35 2.03/0.69 2.23/0.62 2.51/1.64

1/100 12min Re-train 8.13/2.28 9.38/7.36 9.12/2.62 11.49/8.03
ConDo 2.41/0.47 2.42/2.53 2.89/0.91 3.31/2.80

Table 4: ConDo vs Re-train with varied training budgets.
ConDo reached a similar accuracy up to 25x faster than Re-
train.

and are far behind ConDo. MICmae and MICmoco hurt both
Train-only and ConDo.
Computation budget. Practical applications have varied
computation budgets. To demonstrate the effectiveness of
ConDo, we compare it with Re-train with GT (Re-train in
short) under the same budget limits. Note that the Re-train
with GT in the main results used unlimited compute, and took
120h for the last round of update, 6x higher than the ConDo
update. As shown in Table.4, we gradually reduce the budget
limit from 20h (the same as ConDo in the main results) to
12min ( 1

100 of the original budget). ConDo reached a similar
accuracy much faster than Re-train with GT, even without
using GT. E.g., the performance of ConDo with just 12min
of model updates was on-par with Re-train with GT for 5h
— a 25x compute/time reduction. Note that with only 20h,
Re-train performed much worse than ConDo, even with GT.
Appendix A.3 further shows the accumulated time of ConDo
and Re-train with GT after all update rounds.
Replay buffer size. For applications with limited server stor-
age, one can apply the reservoir buffer during ConDo. Fol-
lowing the standard approach (Cai and Müller 2023), we
apply reservoir sampling to update ConDo and analyze its
performance under different replay buffer sizes. As shown in
Fig. 7, the performance ConDo only dropped slightly even
under extreme replay buffer size limitation (10% of the over-
all dataset size), which still significantly improved over the
Train-only baseline. This shows the effectiveness of ConDo

Figure 7: Effect of replay buffer sizes. The horizontal axis is
the ratio between the replay buffer size and the whole dataset
size. The vertical axis reports median errors in Office Loop.

fteacher(·) Train held-out data Infer held-out data Teacher infer scan
Median Mean Median Mean Median Mean

DM-VIO 1.50/0.29 1.67/0.55 5.21/0.81 5.56/1.17 5.08/0.82 5.74/0.84
ORB-3 1.40/0.20 1.43/0.42 3.39/0.94 3.63/1.24 3.15/0.93 3.14/0.97

NetVLAD 1.88/0.33 2.00/0.83 3.00/1.02 49.4/10.2 0.97/1.13 44.5/10.6
HLoc 1.34/0.21 1.45/0.49 1.50/0.49 1.86/1.31 0.05/0.31 0.41/0.51
GT 1.46/0.20 1.47/0.43 1.58/0.19 1.66/0.69 - -

Table 5: Effect of teacher models. Results are evaluated on
Office Loop and reported in the form of position (m) / orien-
tation (◦) errors. Left and middle column: results on held-out
evaluation data of ConDos supervised by different teachers.
Right column: teacher performance on the whole set of in-
ference scans. Though slightly worse than HLoc, all other
teachers can be effectively applied to ConDo and provide a
reasonable performance improvement.

in practical applications with strong storage limits.
Teacher. Table.5 shows the performance of ConDo with dif-
ferent teachers fteacher(·) (see Appendix A.8 for implementa-
tion details). The right-most column also reports the predic-
tion error of each teacher model. The accuracy of ConDo and
the teacher is positively correlated. On the other hand, despite
the higher prediction noise, ConDo with other teachers all
provided reasonable improvements to the base APR model.
Pre-training. Stronger pre-trained backbones often improve
model generalization (Keetha et al. 2023; Käppeler et al.
2023). Appendix A.9 demonstrates that replacing the origi-
nal APR backbones with stronger ones (Oquab et al. 2023)
cannot replace the functionality of ConDo.

6 Conclusion
We have identified the problem of APR in generalizing to
novel data during inference. We have proposed Continual Do-
main Expansion (ConDo) to address this problem. By distill-
ing knowledge from scene-independent localization methods,
ConDo allows APR to improve steadily and continually while
running in deployed environments with unlabeled data. We
have constructed large-scale benchmarks covering 1) indoor
and outdoor scenes, and 2) the change of both environment
conditions and novel poses. Experiments have verified the
effectiveness and robustness of ConDo under varied teacher
models, model architectures, scene types, compute budgets
and replay buffer sizes.
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