AnyCam: Learning to Recover Camera Poses and Intrinsics from Casual Videos
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Figure 1. AnyCam. Given a casual video and pretrained monocular depth estimation (MDE) and optical flow networks, AnyCam outputs
camera poses, camera intrinsics, and uncertainty maps in a single forward pass. The uncertainty maps represent probable movement in the
scene. By using a novel loss formulation, AnyCam can be trained on a large corpus of unlabelled videos mostly obtained from YouTube.

Abstract

Estimating camera motion and intrinsics from casual
videos is a core challenge in computer vision. Traditional
bundle-adjustment based methods, such as SfM and SLAM,
struggle to perform reliably on arbitrary data. Although
specialized SfM approaches have been developed for han-
dling dynamic scenes, they either require intrinsics or com-
putationally expensive test-time optimization and often fall
short in performance. Recently, methods like Dust3r have
reformulated the SfM problem in a more data-driven way.
While such techniques show promising results, they are still
1) not robust towards dynamic objects and 2) require la-
beled data for supervised training. As an alternative, we
propose AnyCam, a fast transformer model that directly es-
timates camera poses and intrinsics from a dynamic video
sequence in feed-forward fashion. Our intuition is that such
a network can learn strong priors over realistic camera
poses. To scale up our training, we rely on an uncertainty-
based loss formulation and pre-trained depth and flow net-
works instead of motion or trajectory supervision. This al-
lows us to use diverse, unlabelled video datasets obtained
mostly from YouTube. Additionally, we ensure that the
predicted trajectory does not accumulate drift over time
through a lightweight trajectory refinement step. We test
AnyCam on established datasets, where it delivers accurate
camera poses and intrinsics both qualitatively and quanti-
tatively. Furthermore, even with trajectory refinement, Any-
Cam is significantly faster than existing works for SfM in

dynamic settings. Finally, by combining camera informa-
tion, uncertainty, and depth, our model can produce high-
quality 4D pointclouds. For more details and code, please
check out our project page: fwmb.github.io/anycam

1. Introduction

Estimating camera motion and intrinsics from a casual, dy-
namic video is a long-standing problem in 3D computer vi-
sion. Such scene parameters serve as the basis for a plethora
of more complex applications, ranging from novel view
synthesis to reconstruction. In particular, an efficient and
robust solution to this problem would unlock the huge cor-
pus of online video data from sources like YouTube to train
3D foundation models. To this day, the availability of 3D
data is one of the main limitations when creating general-
purpose 3D models. [33]

Traditional SfM (and SLAM) systems like COLMAP
[32] excel at reconstruction in settings where a static scene
is captured from many well-distributed camera angles.
However, they generally fail when there are dynamic parts
in the scene, the camera follows a suboptimal trajectory, or
the image quality suffers from artifacts. This makes them
unsuitable for casual videos. Recently, a number of works
have proposed to incorporate certain deep learning-based
components into or instead of the classic SfM pipeline to
make it more robust. For example, Dust3r [44] proposes
a network to predict dense 3D pointmaps from multiple
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views. Camera pose and intrinsics can then be recoveredor videos. In this work, we utilize UniDepth [28] for metric
by aligning the point maps from every view. FlowMap [34] MDE, which uses a geometric invariance loss on different
reformulates the problem by learning per-frame depth andimage augmentation to enforce consistency.
aligning them based on ow and point tracks. While these = RAFT [38] presented the state of the art for optical ow
proposed approaches show promising results, they are stilestimation for a long time. It improved previous meth-
restricted to static scenes and fail when dynamic objects arends by introducing a recurrent look-up operator on corre-
too prominent. There are methods speci cally designed to lation volumes to iteratively re ne ow predictions with-
deal with dynamic scenes,g LeapVO [5] and ParticleSfM  out needing coarse-to- ne ow pyramids. GMFlow [46]
[56]. However, they are generally trained in a supervised avoids correlation volumes and instead leverages the prop-
way and require calibrated camera intrinsics. Given the gen-erties of transformers for global matching on feature maps.
eral lack of intrinsics information in casual videos, the ap- This removes the need for iterative steps to improve runtime
plicability of such methods in this domain is limited. performance. UniMatch [47] extends GMFlow network by
This work present®\nyCam, a novel method targeted tasks of disparity and depth prediction to enable cross-task
explicitly for robust camera motion and intrinsics estima- transfer learning of a single transformer network.
tion in dynamic casual videos. Unlike most existing ap-  We rely on both off-the-shelf MDE and Optical Flow
proaches, we utilize a transformer-based moddlitectly networks to benet from strong geometric priors during
predict relative camera poses and intrinsics for a sequencdraining and inference.
of video frames. Crucially, this end-to-end formulation al-
lows our network to learn strong priors over plausible cam- 2.2. SfM and SLAM
era poses and to become robust towards imperfect iNpUtSEor many decades, the problem of recovering camera pa-
Additionally, we design a training scheme that can ingest rameters and geometry from images has been formulated
raw videos and does not require any labels. Our formulation g5 the Structure-from-Motion (SfM) pipeline [14, 24, 26].
effectively models data uncertainty and automatically Iters \yhjle many different implementations of the SfM pipeline
out dynamic objects. This enables training on a collection eyist COLMAP [32] has emerged as the standard due to
of datasets obtained from YouTube and other casual videojts rohustness and exibility. One of the drawbacks of StM
sources, resulting in strong generalization capabilities. Fur-methods is their high computational cost. Simultaneous Lo-
thermore, we present a lightweight test-time re nement step cation and Mapping (SLAM) [9, 10, 22, 23] approaches em-
to avoid long-term drift. ploy a similar pipeline to SfM but focus on the ef cient pro-
Our experiments thoroughly test AnyCam's zero-shot cessing of consecutive video frames. In recent years, these
capabilities in camera pose estimation and intrinsics recov-classical optimization-based approaches were enhanced by
ery. We achieve state-of-the-art results on several challengiearned components [2, 7, 19, 21, 29-31, 52]. However,
ing dynamic benchmarks and perform on par with meth- relying on epipolar geometry [15] or photometric consis-
ods trained fU”y Supervised with labeled data. Additionally, tency [10] makes them Susceptib|e to h|gh error on h|gh|y
by combining camera information, uncertainties, and depth dynamic scenes. The strong focus on self driving data pro-
maps, we can create high- delity 4D pointclouds. vided datasets with mostly static environments [4, 11, 36],
an assumption that does not hold for casual videos.
2. Related Work

2.1. Foundational Models for Depth and Flow

2.3. Learning Based SfM and SLAM

Largely learning-based methods started to replace classical
In the tasks of monocular depth (MDE) and ow estimation, SLAM and SfM systems due to improved robustness [39].
well-generalizable foundation models have replaced earlyDROID-SLAM extends the framework of RAFT [38] by an
deep learning approaches [8, 12, 13] in the last years. Forupdate operator on both depth and pose estimates. A nal
MDE, DepthAnything [50] uses a data engine to construct differentiable bundle adjustment (BA) layer produces the -

a large corpus of automatically annotated data to learn rel-nal pose estimates. ParticleSfM [56] utilizes dense corre-
ative depth estimation. Additional ne-tuning allows for spondences inside a BA framework to optimize poses. The
metric depth estimates. DepthAnythingV2 [51] netunes dense correspondences are initialized from optical ow, and
the previous model using synthetic data for better perfor- dynamic points are Itered using trajectory-based motion
mance. Metric3D [53] and Metric3Dv2 [16] transform im- segmentation. CasualSAM [55] predicts both depth and
ages to canonical camera intrinsics with a xed focal length. movement from images to get frame-to-frame motion. A
DepthPro [1] proposes a two-stage training curriculum with global optimization aligns the scale of the prediction and
a second stage solely on synthetic data to sharpen boundre nes the poses. Dust3R [44] is a dense multi-view stereo
ary predictions. DepthCrafter [17] leverages a conditional method that regresses point coordinates between an im-
diffusion model to predict temporally consistent depth maps age pair. This allows it to be extended to either SfM or



SLAM. FlowMap [34] proposes to reconstruct a scene by correct solution more dif cult, but they also often lead to
over tting a depth network to it and aligning depth maps catastrophic failures like loss of tracking or degenerate so-
via correspondences from ow or point tracking. LEAP- lutions. Different techniques were introduced to make the
VO [5] combines visual and temporal information of video underlying optimizations more robust. These range from
sequences to improve the tracking accuracy of points androbust cost functions and RANSAC, to lItering out ob-
identify occluded and dynamic points. A sliding window jects that could possibly move using off-the-shelf segmen-
bundle adjustment then optimizes the poses. The concurrentation models. Nevertheless, these techniques are either
work of MonST3R [54] netunes Dust3r on mostly syn- hand-crafted, struggle to generalize across many domains,
thetic data to generalize it to dynamic scenes. While theseor present a signi cant computational overhead.

works achieve impressive progress, they generally obtain  This paper aims to build a robust camera pose estimation
poses from aligning depth and point maps or by optimizing system that can readily be applied to any casual video. We
them per-scene. This makes it hard to inject prior informa- base our design on three key insights:

tion about camera motion. In contrast, our method uses al. The space of plausible camera poses in videos is much
neural network to predict a trajectory, which can effectively more constrained than in general multi-view settings.

learn priors over realistic camera motions. 2. Strong, data-driven priors can help resolve ambiguities
introduced by dynamic objects.
3. Method 3. Incorporating information from all pixels instead of se-

In the following, we rst describe our transformer-based lected keypoints makes detecting outliers easier.

model AnyCam, which directly predicts camera pose and ]
intrinsics for video sequences. Further, we introduce anPose from a feed-forward network. For a natural video

uncertainty-based training scheme, which enables trainingc@Ptured by a single camera, the space of plausible camera
on large-scale dynamic video datasets without any groundmovements is well-constrained and continuous. This is es-

truth labels, and a lightweight test-time re nement strategy. pecially true when also considering the temporal context of
videos. However, this prior information is hard to inject into

3.1. Preliminaries classical SfM and SLAM approaches [45]. Hand-crafted

As input, our pipeline receives a sequence gfdeo frames priors often fail to generalize to different domains and strug-
i 2 ([O',1]3) :i 2 N, whereN = f1;::::ng denotes the gle to capture the full variety of plausible motions. On the

setof frame indices ance f1;::::Hg f 1:::::Wgde- other hand, when trained on large and diverse datasets, neu-

notes the pixel lattice. Using off-the-shelf depth and optical ral networks can learn strong priors over the distribution of

ow predictors, we further obtain dense depth map's 2 plausible camera poses. This knowledge makes them robust

RL H W aswellas dense optical ows'' i 2 R2 H W to small outliers or noisy measurements and provides reli-
+ ’

from any framei to j. We generally assume a simpli- able generalization abilities. Therefore, we choose a neural

ed pinhole model that is constant for the duration of a se- N€twork for the prediction of frame-to-frame poses.
quence. Therefore, camera intrinsics for a video are mod- e rely on a transformer architecture, which as input
eled via a single focal length 2 R, . Let ¢ (x): R3! receives frames¢', depth prediction®', and ow predic-

. S . ) i il i+l i
R2 be the corresponding projection function that maps a tionsF'" '™ for a short sequence. First, a backbone ex-
pointx 2 R® in the camera's coordinate system to the re- tracts features for each timestep separately. Stacked self-
spective pixep 2 R? on the image plane parametrized by attention layers allow the model to then exchange infor-
focal lengthf . Accordingly, , (p;d) : (R%R,) ! RS mation between the frames, producing 1 pose tokens

! ! ’ ! ’ il i+l es 9 f e

denotes the unprojection function wheris the depth value ' _ Thi2f 1 ;iin 1gand updat_ed feat_ure maps. Ad-
for p. LetP!' I 2 SE3 describe theelative camera pose, ditionally, a single sequence tokeffdis preQ|gted.
consisting of a rotation and translation, between frames 10 decode the features, a frame prediction heac

andj. To map a pixel locatiop from framei to framej (HP;H ) outputs the 6DOF camera poses' '™ and
given the pixel's depth valud, in framei, we write: pixel-wise uncertainty maps' 2 R, for every timestep.
A sequence heald 3¢9 additionally determines a single set
p°= ¢ P" I . Yp;dy) (1) of camera intrinsics for the video. In the following, we ex-

o plain how to robustly design these decoder heads.
3.2. Transformer for Camera Prediction

Camera pose and intrinsics are crucial for many 3D tasks.Robust intrinsics hypotheses. Camera intrinsics, which
While SfM and SLAM can be highly accurate in well- in our case are parametrized by focal lenfjthare notori-
posed, static environments, they are very sensitive to out-ously dif cult to disentangle from the camera movement.
liers. Therefore, dynamic objects pose a signi cant chal- For example, the same motion pattern in the optical ow
lenge to them. Not only do they make convergence to thecan be described by mostly rotation if the camera has a



Figure 2. Architecture. AnyCam processes a sequence of frames from a casual video with corresponding depth maps and optical ow.
A backbone extracts feature maps per image. Information sharing between frames is enabled by multiple attention layers that process
the features of all sequence images. The transformer architecture outputs one posé'tdkger timestep and an additional sequence

(Hf ;H¢). The sequence head®? predicts the likelihood scores of the different hypotheses. The model is trained end-to-end via a
reprojection loss, a pose consistency loss between forward and backward pose predictions, and a KL-divergence loss.

wide eld of view or by mostly translation, if the eld of py, from framei into framej. Subtracting the original
view is narrow. Because camera intrinsics have such a ma-pixel locations from the projected pixels locatigrisyields
jor effect, designing a robust system to recover themis vital. the induced optical O\Meif! i

While focal length could, in principle, also be predicted by

the network directly, we nd that it makes training unstable, ﬁ}_!uvi =pdy, Puw

and the network does not converge to a meaningful result ’ ’

Instead of considering the focal length as a free variable
during training, we reformulate it as a property of the model
itself. Considering a xed set afh candidate focal lengths Assuming a static world, the induced o\ﬁ‘f! - will
ff1;:0:;fmg, we trainm individual frame prediction heads  match the reference optical o®'! | optimally if the pre-
fH¢,;::1;Hp, 0. Every headH; predicts poseP' '*! dicted poséP}' ! and depttD' is as close to the real pose
and uncertainty map; under the assumption that the given g5 possible. However, dynamic objects lead to inconsisten-
sequence was captured with a camera of focal lehgtfor cies in the reference optical ow, which would deteriorate
every candidate prediction, we later compute an individ- gradients during optimization. From a statistical point of
ual loss. The sequence heldd® learns likelihood scores  yjew, these inconsistencies cannot be captured via our ow

®)

piti fl(puv;duv) Puv

P =( r,;::05 1,) for the different candidates. The focal  inqgyction formulation. Thus, we choose to model them via
length and corresponding poses with the highest likelihood so-called aleatoric uncertainty and use the predicted uncer-
are the nal output of the model. tainty mapU ;. For a pair of frame$ andj , this leads us to
foa = argmax P @ the following loss function:
2t NN T it ]
L. i L. i fuv — fuv Fuv (4)
This idea is similar to [34], but we use candidates as part of 1
themodelitself rather than only at thiesslevel. 1 X 1 p S
it _ L n fiuv
3.3. Dynamics-aware Pose Training Ly g Inp 5 i exp I ()
uv 2 fiuv fiuv
We aim to train our model on large, unlabelled datasets. yhjch is then summed up over every pair of neighboring
Here, our loss formulation follows two main objectives: frames within the sequence:
1. Leveraging multi-view information to recover local cam-
era motion between adjacent frames. e X ! T
2. Using the context of longer sequences to learn realistic Ly = L¢ (6)
long-range camera motion patterns. i=1

Intuitively, the model learns to downweight areas in the
Uncertainty-aware ow loss. Using the predicted rela-  input frame where there will likely be a high loss. dy-
tive poseP; ! between two framesandj, and the corre-  namic objects. In turn, the pose supervision signal mostly
sponding depth map', we can project all pixel locations comes from areas that can likely be captured via the induced



ow, i.e. static parts. In practice, the uncertainty map does ow loss terms to probability scores using softmax and
not only make pose training more stable, but it can also bethen optimize the Kullback-Leibler divergenkg. . Let

used in downstream tasks as a motion segmentation mapP = ( ¢,;:::; ¢, ) be the output oH3¢9:
Finally, due to its dense nature, the loss is robust to small nt . .
outliers, such as local inaccuracies of the reference ow. L™ =KL gy P;softmafL ( ;:::;L ()  (8)

Learning camera motion patterns. While the ow loss ~ Final loss. By combining all loss terms, we obtain the
L F provides a strong training signpér frame the model nal training objective, through which our model learns
could, in theory, minimize the loss without considering ad- POses, uncertainties, and intrinsics from unlabelled video
jacent frames. However, it is important for the model to S€quéences:

also rely on the context of thentire sequencehen predict- 0

ing camera poses. For_example, optical ow predl_cnons for L = FI—ko P L'f'# + ol )
some frames could be inaccurate, or dynamic objects could K

occlude the relevant static part. We introduce an additional

loss term and a dropout training strategy to make the model3.4. Test-time Re nement

consider the entire sequence.

We rst leverage the fact that when reversing the
sequence, the relative pos&d' ' between frames are
the same as the inverted poses of the original sequenc
(P{' 7y 1. The model becomes more robust towards inac- v
curate inputs by enforcing consistency between the forward pi = pitial (10)
and backward pose predictions during training. We rely on i=1
a simple L1 loss, wherk, is the4 4 identity matrix:

k=1

Our model predicts relative camera poses for a sequence of
frames. This allows our model to be directly used as a visual
é)dometry system by chaining the relative poses together:

While this works well for short to medium-length se-
o 1 . quences, itis prone to accumulating drift over a longer time.
S - V1 (7 Small inaccuracies in earlier relative poses will propagate
i=1 11 throughout the trajectory.
We perform lightweight test-time re nement using bun-

Furthermore, we utilize the temporal dependency of dle adiust £ (BA) 14111t this i Bv chai
poses within a sequence. Given the overall trajectory, the. e adjustment (BA) [41] to overcome this issue. By chain-

; . i+l o #1042 e iyl
model should learn strong motion priors. To encourage this, "9 Multiple optical ow maps~ P e

: o ; Is can be tracked through multiple frames. We initialize
we apply a dropout scheme during training by setting val- € ; . _ )
ues in the pose tokens to zero with probabifitysp . This the BA system with our predicted trajectory and then opti-

encourages the network to exchange information betweenMiZ€ OVer coarse pixel tracks in a sliding-window fashion.

frames in the self-attention layers. The network needs tothuflally, thet BdA Opt'mlgar':|op rT?UIris thegredmt.ed lépcetr-
learn realistic motion patterns to overcome the noise in- ainty maps to downweigh pixel tracks on dynamic objects.

jected by dropout. Note that applying dropout on the pose For more details on th_e BA optimization, please refer to the
tokens does not affect the uncertainty map. supplementary material.

w X1
L” =

4. Experiments
Finding the best candidate. While the ow loss L, F P

is very effective for learning pose and uncertainty, it also In the following, we thoroughly evaluate the overall perfor-
serves as a helpful proxy. It indicates how well the model mance of our model regarding camera pose estimation and
can reconstruct the observed optical ow using the pre- intrinsics recovery. We put a special focus on testing the

dicted pose$3if’ I and corresponding focal length Af- zero-shot generalization capabilities of our network. Fur-
ter the model has converged during training, it will predict ther, we also validate and demonstrate the effectiveness of
(close to) the optimal poses assuming focal lerfgtth ; © our design choices.

now is mainly dependent dn Thus, the magnitude &f; © 4.1. Setup
during training re ects how closé is to the true but un- o
known actual focal length. We leverage this fact and train Data. Our training formulation requires no labeled data
the sequence heddl**? to predict which of the focal can- and is robust towards dynamic objects and suboptimal im-
didates will yield the lowest ow loss. age quality. This is a key bene t of our method, as dynamic
In practice, we nd that, while correct on average, videos with 3D labels are scarce. To highlight this strength,
arg min on the different loss terms is too noisy to enable we rely on a diverse mix of datasets (YouTube-VOS [48],
stable training. Therefore, we rst convert the (inverted) RealEstatel0K [57], WalkingTours [42], OpenDV [49],



Category Method Sul;lgms Sﬁgltfl(rj]:e Sintel TUM-RGBD (dynamics)
' ATE# RPErans# RPEot# ATE# RPErans# RPEBot#
w/ intrinsics DROID-SLAM [39] <2min 0.175 0.084 1.912 -
DPVO [40] <2min  0.115 0.072 1.975 - - -
LeapVO [5] < 2min 0.089 0.066 1.250 | 0.068 0.008 1.686
w/o intrinsics  ParticleSfM [56] <20min  0.129 0.031 0.525 - - -
MonST3R [54] <2min 0.108 0.042 0.732 | 0.063 0.009 1.217
Robust-CVD [18] 3 ? 0.360 0.154 3.443 | 0.153 0.026 3.528
CasualSAM [55] 3 >1h 0.141 0.035 0.615 0.071 0.010 1.712
Ours w/o ref. 3 <20sec 0.099 0.045 0.567 | 0.095 0.025 1.050
Ours 3 <2min 0.078 0.031 0.427 | 0.056 0.005 0.927

Table 1. Pose estimation in dynamic environments.Absolute trajectory error (ATE) and relative pose error for translation (RRE

and rotation (RP:) on the Sintel and TUM-RGBD (dynamics) datasets. We compare against other learning-based VO/SLAM systems.
AnyCam achieves competitive performance against systems trained in a supervised manner as well as methods that have ground truth
camera intrinsics available. We consistently outperform Robust-CVD and are on par with CasualSAM, which has a signi cantly higher
runtime than AnyCam.excluded from the evaluatiolconcurrent work. Many measurements are taken over from [54].

Dataset Source Domain Dyn. Seq. Frames
YouTube-VOS  YouTube Diverse 3 3471 87K
- RealEstatel0K  YouTube Indoor 7 6929 90K
‘8 WalkingTours YouTube  Outdoor 3 278 53K
= OpenDV YouTube Driving 3 532 105K
EpicKitchens GoPro Ego 3 167 100K
.. Sintel Blender Synthetic 3 14 629
§ TUM-RGBD MoCap Indoor 3 8 720
Davis YouTube Diverse 3 90 6118
Aria EA Glasses Ego 3 30 19200
Waymo SensorRig Driving 3 64 3067

Table 2. Dataset Mix: We train our method on a diverse dataset
mix obtained mostly from YouTube. Evaluation happens on un-
seen datasets. For many datasets, custom splits were used.

EpicKitchens [6]) based on YouTube or individual GoPro

capture, as shown in Tab. 2. None of the datasets has groun
truth 3D labels (note that for some, Colmap was later ap-

plied to obtain proxy labels, but we do not use them). Fol-
lowing existing works on pose estimation in dynamic envi-
ronments [5, 54, 56], we perform evaluation on the Sintel
[3] and the dynamic subset of TUM-RGBD [35]. Further-

more, we test AnyCam qualitatively on three other datasets

Davis [27] (diverse videos from YouTube), Waymo [37]
(autonomous driving), and Aria Everyday Activities [20].

Implementation details. We rely on the recent UniDepth
[28] and UniMatch [47] methods to obtain depth and ow
maps. Our model is implemented in PyTorch and is initial-
ized with a pretrained DinoV2 [25] ViT backbone. We train
AnyCam in two stages with different sequence lengths, rst

2 and then 8 frames. All frames are sampled at a resolu-

tion of 336 336 from the videos in the datasets. During
inference, we crop the input video to squares3d6 and

ranging from0:1H to 3:5H whereH is the image height.
Training converges after 250k iterations at a batch size of
16 (seq. len 2) and 4 (seq. len 8) per GPU, and takes around
two days on two NVIDIA A100 40GB GPUs per stage. For

a video of 50 frames, it takes around 1) 15 seconds to ob-
tain ows and depths, 2) 5 seconds for AnyCam to predict
atrajectory, and 3) 90 seconds for test-time re nement. For
more implementation details and hyperparameters, please
refer to the supplementary material.

4.2. Camera Pose Estimation

We rst test AnyCam's ability to recover camera trajectory
in challenging environments and compare it to state-of-the-
art methods in that domain. We group methods by the
amount of data they require both during training and test
Hme. SLAM and SfM systems for dynamic environments,
ke DPVO [40] and LeapVO [5], are trained with ground
truth motion or trajectory data and mostly require camera
intrinsics during test time. Methods like CasualSAM [55]
require neither special training data nor intrinsics but are
slow because they rely on much more costly test-time opti-

.mization. In comparison, AnyCam works in a feed-forward

way, and optional test-time re nement is very lightweight.
Our model achieves strong quantitative results through-
out all benchmarks as shown in Tab. 1. The low relative
pose errors for translation (RREs and rotation (RPE),
even without test-time re nement, con rm that our model
learns meaningful motion priors during training and gen-
eralizes to other datasets. In particular, this is notewor-
thy compared to specialized SLAM systems like LeapVO,
which result in signi cantly higher local pose errors.
However, when only relying on feed-forward predic-
tions, our model can suffer from drift, denoted by a slightly
higher absolute trajectory error (ATE). This is a result of

pass sequences of up to 100 frames to the model at oncechaining the predicted relative poses |, where small er-
The model is con gured to use 32 focal length candidates rors in earlier frames accumulate over time. Our test-time



Figure 3. Qualitative results on various datasets.Red: forward-pass prediction, . re ned trajectory, . GT (if available).
AnyCam is able to predict high-quality pose estimates on challenging scenes in dynamic environments. The uncertainty maps show
objects with a high likelihood of movement, such as persons or cars, that would produce inconsistencies in the induced optical ow. Pose
re nement with bundle adjustment further aligns the trajectory towards reducing the error compared to the ground truth poses.

re nement effectively corrects for this by leveraging longer- Method AFEp) # RFEy,) #
range dependencies between frames. As a result, the drift is UniDepth 1474 0357
reduced, and AnyCam matches the ATE for some SLAM Dust3r 434.0 0.364

systems like LeapVO, which requires camera intrinsics. ours 252 2 0181

As can be seen in Tab. 1, AnyCam also generalizes to
different domains like autonomous driving or egocentric vi-
sion. In particular, it works well in settings where classical
SfM or SLAM systems are dif cult to operate in. For ex-
ample, in the rst sequence of Aria Everyday Activities, a
person enters a house via an opening door. Not only does4_3_ Intrinsics Recovery
the lighting change drastically, but also the 3D environment
transforms as the door opens. Still, the camera motion tra-For most casual videos, particularly when they originate
jectory is recovered correctly. During the second Waymo from the internet, camera intrinsics are not available. Nev-
sequence, a vehicle moves in stop-and-go traf c. As can beertheless, they are crucial for high-quality pose estimation
observed in the uncertainty maps, AnyCam correctly iden- and reconstruction. Therefore, we also evaluate the accu-
ti es the moving vehicles on the left side as moving, while racy of the recovered focal length and report the results in
the uncertainty for the bus on the right is low. This indicates Tab. 3. UniDepth predicts depth maps and focal length from
that the model actually relies on motion cues and not only a single image. Our superior performance against UniDepth
on semantics, which would be the case when ltering out (which provides the depth maps for AnyCam) suggests that
(potentially) moving objects with segmentation models. our video-based training and inference offer bene ts for fo-

Table 3. Camera intrinsics estimation. We measure the mean
absolute focal error (AFE) and mean relative focal error (RFE)
across all sequences of the Sintel dataset.
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