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Abstract

In the supplementary material, we provide additional details

about the following:

1. More information about the training dataset (Sec. 6).

2. Implementation details of WildPose, including more train-
ing details and model architecture (Sec. 7).

3. Additional results and discussion (Sec. ).

4. Limitations and future work (Sec. 9).

6. Training Dataset

We trained our model on four publicly available datasets
supplemented with data that we generated using the Kubric
simulator [15]. The training datasets encompass both static
and dynamic environments. A comprehensive list of the
datasets we used is provided in Table 7.

While the TartanAir V2 [44] and TartanGround [35]
datasets primarily feature static scenes, we identify dy-
namic content in 8 of their 65 environments. Among
these, ground truth motion masks can be reliably extracted
via semantic segmentation for only four specific environ-
ments: AmusementPark, SeasonalForestAutumn,
WaterMillDay, and WaterMil1Night. The dynamic
content in the remaining four scenes (CarWelding,
CyberPunk Downtown, Ocean, and SoulCity) is
complex and difficult to segment accurately. Hence, these
four scenes are discarded from the training set. Furthermore,
sequences containing significant photographic or geometric
artifacts (e.g., camera trajectories passing directly through
walls in sequence P004 of 01dBrickHouseDay) are also
discarded from the training set to maintain data quality.

The OmniWorld-Game dataset [601] provides foreground
masks generated using Grounding DINO [28] to identify
bounding boxes, which are then fed as prompts to SAM [23]
to extract fine masks. However, these generated masks are
often noisy, exhibiting incomplete segmentation of instances
or entirely missing dynamic objects. Therefore, we do not
use their annotated masks as ground truth for calculating
the BCE loss in Eq. (4) when training the motion mask
detector, but we incorporate them in the second stage of
update operator finetuning to encourage robustness against
noisy motion maps.

We utilized the Kubric simulator [15] to generate diverse
motion patterns that are under-represented in the public
datasets. We considered three specific camera trajectory
types: (1) Linear Translation, defined by a linear move-
ment between two randomly selected waypoints; (2) Pure

Dataset Name Dynamic?  Dynamic Mask?  Camera Motion Trajectory

TartanAir V2 [44] No* Drone-style
TartanGround [35] No* - Grounded Robot
Dynamic Replica [20] Yes Yes Handheld 6-DOF
OmniWorld-Game [61] Yes Noisy Player-controlled
Kubric (Generated) [15] Mixed Yes Specified motion patterns

Table 7. Training Datasets. We utilized four public data sources
and generated data from Kubric [15] for training WildPose. The
table details the scene type, the availability and quality of ground
truth dynamic masks, and the type of camera motions. OmniWorld-
Game [61] uses open-source segmentation models [23, 28] to gen-
erate dynamic mask, hence noisy. While most environments in
TartanAir V2 [44] and TartanGround [35] are static, there are eight
environments containing dynamic objects.

Rotation, involving zero translation, with trajectories en-
compassing rotation along single or multiple axes; and (3)
Target-Locked Motion, where the camera’s translation varies
but its rotation is constrained to maintain focus on a fixed
point. The third type included four distinct translation pat-
terns: lateral, vertical, orbital, and spiral movement. For
both static and dynamic scene configurations, we generated
a total of 5,500 sequences, each comprising 24 or 36 frames.
This generated dataset will be publicly released.

7. Implementation Details

7.1. Additional Training Details

Following [43], we sample 7 frames per batch from the train-
ing sequence. We constrain the average optical flow magni-
tude between neighboring pairs to fall within the range of 8
to 96 pixels. For all frames, we apply standard data augmen-
tation, comprising photometric transformations (color jitter,
grayscale, and Gaussian blurring) and spatial randomization
via center resizing. The images are then cropped to the fixed
input resolution of 384 x 512. Subsequently, a frame graph is
constructed over the 7 frames with edges determined by flow
distance. We execute 15 iterations of the update operator
and differentiable BA.

The total training objective for the update operator com-
bines three weighted loss components. The Pose Loss L4,
is the geodesic distance computed by mapping the relative
pose error G P! to the Lie Algebra se(3) using the log
map. Here, G and P denote the ground truth and pre-
dicted relative poses, respectively. L., is defined as the
average of the Lo norms of the translational 7 and rotational
¢ components. We further utilize a Flow Loss L, defined
by the Ly norm of the difference between the ground truth
optical flow and the flow induced by the estimated pose and
disparity f. Lastly, we use the Residual Loss L, which is
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Figure 5. Architecture of Update Operator. The ConvGRU iteratively updates the hiddens state from the image feature correlation, context
features, and the current optical flow. The updated hidden state is further decoded to variables that will be used to guide pose and disparity

estimation in the differentiable BA process.
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Figure 6. Architecture of the flow feature and context encoders.
Both encoders take the MASt3R features as input and output fea-
tures at 1/8 of the image resolution. For the context encoder, the
dimension of the last convolution layer is 256.

calculated by the L; distance between f and the flow pre-
dicted by the update operator f. All three losses are applied
across the 15 BA steps, utilizing an increasing temporal
weighting scheme wy, = 7(1®~%), where v = 0.9 and k is
the iteration step.

When training the motion mask detector, the parameters
of the update operator are frozen. As mentioned in the
main paper, we integrate the predicted motion mask as an
additional weight during the 15 BA steps. We retain the Pose
Loss L.qm, exclude Laow and L, and add the BCE loss
Lpce, which is only applied when reliable annotated ground
truth motion masks are available.

For the initial static pretraining stage of the update op-
erator, we utilize only the static portions of the TartanAir

V2, TartanGround, and Kubric-Generated datasets. All re-
maining datasets, including dynamic sequences, are then
incorporated for the second stage of update operator finetun-
ing and subsequent motion mask detector training.

7.2. Model Architecture

Our update operator is extended from DROID-SLAM [43].
The full architecture is illustrated in Fig. 5. Given a pair of
input images (I;, I;), we first extract 3D-aware features from
the pre-trained MASt3R Encoder. These high-dimensional
features (1024 channels) are produced at % resolution rela-
tive to the original image. We then utilize two separate en-
coders, the Context Feature Extractor and the Flow Feature
Extractor, to process the MASt3R output. The architecture
shared by these encoders is shown in Fig. 6. This stage lifts
the feature resolution to the required % scale. The Flow Fea-
ture Extractor output is subsequently used to compute the
4D correlation volume between the image features. The key
component of the update operator is the ConvGRU layer. It
takes the context feature, flow feature correlation, current
hidden state, and the optical flow from the last iteration as
input, and outputs an updated hidden state, which is further
used to extract intermediate variables for differentiable BA,
such as the updated optical flow and the confidence weight.

8. Additional Results

Full Tracking Results on the static Dataset. In the main
paper, we summarize the average ATE for the TUM RGB-D
(static) [42] and 7-Scenes [40] datasets. Here, we present



Method 360

floor plant room rpy teddy XYz
Keyframe Poses
MAStR-SLAM [33] 0.049 0.016 0.024 0.025 0.020 0.061 0.027 0.041 0.009
VGGT [46] 0.049 0.023 0.029 0.084 0.024 0.095 0.025 0.033 0.012
w3 [50] 0.065 0.018 0.028 0.085 0.026 0.061 0.024 0.028 0.011
Full Trajectory
DROID-SLAM [43]  0.111 0.018 0.042 0.021 0.016 0.049 0.026 0.048 0.012
WildGS-SLAM [60]  0.069 0.018 0.025 0.023 0.044 0.061 0.024 0.058  0.009
MegaSaM [27] 0.055 0.019 0.040 0.278 0.038 0.080 0.024 0.043 0.013
ViPE [17] 0.067 0.024 0.035 0.320 0.025 0.048 0.020 0.038 0.011
WildPose (Ours) 0.057 0.016 0.024 0.019 0.018 0.039 0.018 0.035 0.009

Table 8. Tracking Performance on TUM RGB-D (static) Dataset [42] (ATE RMSE | [m)]).

Method chess fire heads office pumpkin kitchen stairs
Keyframe Poses

MASt3R-SLAM [33] 0.053  0.025 0.015 0.097 0.088 0.041 0.011
VGGT [46] 0.039  0.027 0.017 0.098 0.128 0.059 0.036
3 [50] 0.034 0.034 0.017 0.080 0.118 0.037 0.047
Full Trajectory

DROID-SLAM [43] 0.036  0.027 0.025 0.066 0.127 0.040 0.026
WildGS-SLAM [60] 0.037 0.032 0.027 0.054 0.154 0.037 0.019
MegaSaM [27] 0.040 0.040 0.024 0.069 0.147 0.045 0.025
ViPE [17] 0.035 0.027 0.023 0.070 0.131 0.039 0.024
WildPose (Ours) 0.038 0.029 0.024 0.053 0.142 0.037 0.023

Table 9. Tracking Performance on 7-Scenes Dataset [40] (ATE RMSE | [m]).

Method

DROID-SLAM [43]
WildGS-SLAM [60]
MegaSaM [27]
WildPose (Ours)

0000 0059

548 9.00
574 8.15
OOM 8.56
6.11 8.07

0106

6.76
9.15
37.35
6.75

0169 0181

7.89 1741
831 7.17
10.16 8.35
8.01 6.56

0207

7.97
7.31
8.54
7.36

Avg.

7.42
7.64

7.14

Table 10. Tracking Performance on ScanNet Dataset [8] (ATE
RMSE | [m)]).

the results of full sequences in Table 8 (TUM RGB-D) and
Table 9 (7-Scenes). On the TUM RGB-D sequences, our
method shows superior performance compared to the base-
lines, achieving the best result on 5 out of 9 sequences. No-
tably, compared to recent dynamic methods like MegaSaM
(ATE: 0.278 m) and ViPE (ATE: 0.320 m), WildPose ex-
hibits higher stability on the challenging f1oor sequence
(ATE: 0.020 m). In this sequence, some temporally close
frames contain large relative motion. This rapid change in
viewpoint reduces feature overlap and induces large pixel
displacements. Our resilience on this sequence stems from
the broad variety of camera motion types included in our
training data and the incorporation of loop closure. Further-
more, on the 7-Scenes dataset, where most methods exhibit
only marginal performance differences, WildPose maintains
competitive accuracy across all sequences. The consistently
strong behavior across these benchmarks affirms the robust-
ness of our method in static environments.

Addtional Evaluation Results on the ScanNet dataset [8].

Method ATE [cm] | Avg. fps T Peak GPU Use [GiB] |
DROID-SLAM [43] 16.17 11.27 7.52
WildGS-SLAM [60] 0.46 0.49 14.65
MegaSaM [27] 2.40 1.86 21.87
Vipe [17] 2.59 6.44 13.45
WildPose (Ours) 0.39 2.98 18.62

Table 11. Run time and memory usage on Wild-SLAM [60]. We
compute FPS by dividing the total number of frames by the total

running time. The experiments are conducted on an RTX 4090
GPU.

To evaluate our method’s robustness to motion blur and its
generalization across diverse static indoor environments, we
conduct additional experiments on the ScanNet dataset. The
tracking results are reported in Table 10. DROID-SLAM
results are sourced from GO-SLAM and Nicer-SLAM [56].
WildPose still outperforms other baselines in this static
benchmark.

Runtime Analysis. We compare the average processing
frame rate (FPS) and the peak GPU usage of our method
against the baselines that estimate poses of the full trajectory,
with detailed results presented in Table 1 1. For a fair compar-
ison, MegaSaM’s FPS includes depth preprocessing but ex-
cludes video depth optimization. While lightweight systems
(DROID-SLAM, Vipe) are faster, they struggle with dynamic
scenes. Compared to more complex dynamic frameworks
like MegaSaM and WildGS-SLAM, WildPose offers supe-



Figure 7. Limitations. We visualize sampled images from Bonn
RGB-D Dynamic Dataset [34] (Person sequence). The dataset
has inconsistent exposure, which is challenging to our approach.

rior tracking accuracy (lowest ATE) with a higher FPS. Our
peak memory usage stems from foundation models (Moge2,
MASt3R) but is mitigatable via preprocessing, similar to
MegaSaM, or using a distilled model.

9. Limitations

WildPose’s learnable modules are trained exclusively on syn-
thetic data. Although our curriculum is diverse, a domain
gap to real-world scenarios inevitably exists. This gap is evi-
dent in sequences with unobserved phenomena, such as the
significant photometric variations in the Bonn RGB-D Dy-
namic Dataset (Fig. 7). Our model, lacking explicit training
on such exposure changes, achieves slightly worse accuracy
on this dataset, particularly on the Person and Person
2 sequences. Furthermore, our framework assumes known
and fixed camera intrinsics, limiting its applicability to un-
calibrated videos. Addressing these gaps through domain
adaptation and online intrinsic refinement remains an impor-
tant avenue for future work.
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