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Abstract

Depth estimation in videos is essential for visual per-
ception in real-world applications. However, existing meth-
ods either rely on simple frame-by-frame monocular mod-
els, leading to temporal inconsistencies and inaccuracies,
or use computationally demanding temporal modeling, un-
suitable for real-time applications. These limitations sig-
nificantly restrict general applicability and performance in
practical settings. To address this, we propose VeloDepth,
an efficient and robust online video depth estimation pipeline
that effectively leverages spatiotemporal priors from previ-
ous depth predictions and performs deep feature propaga-
tion. Our method introduces a novel Propagation Module
that refines and propagates depth features and predictions
using flow-based warping coupled with learned residual cor-
rections. In addition, our design structurally enforces tempo-
ral consistency, resulting in stable depth predictions across
consecutive frames with improved efficiency. Comprehen-
sive zero-shot evaluation on multiple benchmarks demon-
strates the state-of-the-art temporal consistency and com-
petitive accuracy of VeloDepth, alongside its significantly
faster inference compared to existing video-based depth esti-
mators. VeloDepth thus provides a practical, efficient, and
accurate solution for real-time depth estimation suitable for
diverse perception tasks. Code and models are available at
github.com/lpiccinelli-eth/velodepth.

1. Introduction

Depth estimation is a fundamental task in computer vision,
which enables a dense perception of the geometric structure
of the surrounding scene that is pivotal in a vast variety of
applications ranging from autonomous systems [28, 46] and
robotics [7, 59] to augmented reality [6] and medicine [20].
While the basic monocular setting of this task, i.e. monocular
depth estimation (MDE) from single images, is inherently
ill-posed due to scale ambiguity and offers fewer priors to
learn, its simplicity has historically led to far more attention
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Figure 1. VeloDepth learns to leverage prior information contained
in video data, such as previous predictions and scene dynamics.
The Propagation Module refines the previous frame features, which
“Base Decoder” decodes as current frame predictions. The module
also propagates the features, along with the predictions, as the
next frame’s inputs. The prior information and the propagation
lead to improved consistency and more efficient inference while
maintaining the per-frame performance of the large “Base Model”.

than depth estimation from videos, especially in the deep
learning era [1, 8, 32, 33, 37, 52, 55, 56].

However, the video setting is better constrained since
video sequences inherently provide strong priors, unlike sin-
gle images, which can be leveraged to improve depth esti-
mation. In particular, consecutive frames contain redundant
visual information, allowing previous depth predictions and
features to serve as informative cues for future frames. Even
when estimated approximately, motion provides additional
constraints on depth evolution over time. Leveraging tempo-
ral priors by propagating features and depth estimates across
frames should lead to more accurate, consistent, and compu-
tationally efficient video-based depth methods. However, ex-
isting methods either ignore these priors, i.e. MDE, leading
to temporal inconsistencies and flickering artifacts, or rely
on computationally expensive solutions such as test-time op-
timization [15, 23], full temporal attention [3, 48], or video
diffusion [12, 40], making them impractical for real-time ap-
plications. Moreover, these methods usually require future
frames not only during training but also during inference,
rendering them impractical for most real-world applications,
which typically need to run online.

We respond to the above shortcomings in the literature by
proposing VeloDepth, a video metric depth estimator that is
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based on the propagation of depth-related information in a
video across frames through time. The core principle of our
approach is to exploit depth predictions and feature repre-
sentations from previous frames, using them as informative
priors to bootstrap the computation for subsequent frames.
Specifically, our method employs a temporal propagation
strategy where previously computed depth features and out-
puts are warped forward through fast but inaccurate optical
flow and then refined via a learned residual correction, as
depicted in Fig. 1. This design structurally enforces tem-
poral consistency, as depth estimation at each frame inher-
ently benefits from previously estimated features and out-
puts. Moreover, our approach enhances computational effi-
ciency, since the propagation module only needs to learn the
simpler residual mapping from propagated features, rather
than performing a full RGB-to-depth prediction from scratch
for every frame. Therefore, VeloDepth achieves compara-
ble accuracy to computationally intensive single-image mod-
els applied frame-by-frame, while simultaneously largely in-
creasing consistency and presenting the efficiency required
for real-time applications.

We validate our approach with extensive experiments
across four diverse benchmarks, demonstrating its robust-
ness under different motion and scene conditions. Our re-
sults show that leveraging spatiotemporal priors leads to a
better trade-off between temporal stability, computational ef-
ficiency, and overall depth accuracy compared to standard
monocular depth models and prior video-based depth ap-
proaches.

2. Related Works

Monocular depth estimation was proposed in its end-to-
end neural network formulation in [8]. However, monoc-
ular methods [8, 9, 17, 19, 31, 32, 39, 56] typically suffer
from generalization issues due to limited data and the in-
herently ill-posed nature of monocular 2D-to-3D unprojec-
tion. Affine-invariant (relative) depth estimation mitigates
this by predicting depth up to an unknown scale and shift,
removing ill-posedness and improving cross-dataset perfor-
mance [14, 37, 52]. However, relative depth estimation is un-
suitable for physical, metric applications. More recent works
strive for generalizable metric MDE incorporating camera
information into the input [11, 55], internal features [33-35],
or output space [1]. All MDE methods increase both data
and compute to improve performance at the cost of real-time
feasibility. Moreover, they are inherently trained in an image-
based fashion, ignoring any temporal information and lead-
ing to inconsistencies across frames when run on videos.

Offline video depth estimation leverages all frames of the
input video to enhance both temporal performance and ac-
curacy over single-frame depth estimation. The paradigm
defined by [15, 23] involves test-time optimization on ini-
tial depth estimates with either fixed or optimizable camera

poses. [12, 40] have been the first to repurpose video diffu-
sion models for video depth estimation, while Video Depth
Anything [3] extends a large pre-trained affine MDE [53] by
incorporating a spatiotemporal head that uses attention to
correlate information across frames. However, these meth-
ods suffer from significant drawbacks, including high mem-
ory consumption and the inability to produce metric depth
predictions. Moreover, their superior temporal consistency
can be attributed to their offline nature, i.e. processing videos
in chunks, where future frames are also included. On the
other hand, VeloDepth does not require processing the en-
tire video for each frame, which renders our method online,
efficient, as well as capable of providing high consistency.
Online video depth estimation aims at online and pos-
sibly real-time, temporally consistent depth estimation.
Early methods relied on recurrent architectures, such as
LSTM [10], to retain temporal features [4, 24, 57], while oth-
ers incorporated LiDAR for multi-modal fusion [30] or in-
troduced stabilization networks to refine external depth [48,
50]. Most of the above methods are based on recurrent net-
works to retain past features but suffer from drift, vanish-
ing gradients, and a poor capacity-efficiency tradeoff, which
limits their effectiveness on real-time and long sequences.
Stabilization-based methods [48, 50] refine depth estimates
post-prediction but introduce additional computational over-
head and fail to fully leverage past information. Yasarla et
al. [54] proposed an optical flow-based attention memory,
which ignores any features from previous predictions or flow,
although requiring high-quality flow, and exploits memory-
intensive attention. VeloDepth avoids these pitfalls by di-
rectly incorporating the previous frame’s “neck features”,
depth predictions, and optical flow as priors, which, com-
bined with a strong initialization, ensures consistency while
maintaining computational efficiency.

3. Method

Video-based data naturally allow the use of prior estimates
and the establishment of correspondences between consec-
utive frames. However, single-frame monocular depth esti-
mation makes independent per-frame predictions, overlook-
ing these temporal cues. The inherent temporal coherence
in video sequences provides valuable prior information that
can be exploited to enhance depth propagation, detailed in
Sec. 3.1. VeloDepth leverages this temporal information by
incorporating past depth predictions, deep feature propaga-
tion, and refined optical flow in a structured multi-modal
framework as depicted in Fig. 2. The previous depth pre-
diction acts as a geometric prior, ensuring consistency over
time. In the absence of motion, the model should ideally
learn an identity transformation from the previous to the cur-
rent depth prediction, reinforcing temporal stability. Sim-
ilarly, deep features from previous frames are propagated
to provide additional prior information at the feature level.
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Figure 2. Model architecture. VeloDepth’s Propagation Module is fed with the depth prediction from the previous frame (D;—1) and
respective features (F';—1), the current frame (I;), and the backward optical flow between the current and previous frame (Oﬁ,l). The goal
of the Propagation Module is to produce a correction Cg to the warped features of the previous frame, F{’ ;. The warping is performed
with the refined optical flow Of_;. The initial correction tensor Cis the gated combination of features that are aware of current appearance,
previous geometry, and scene dynamics, i.e. F1, Fj, Fo. The correction tensor is processed with a lightweight encoder to produce
the unrefined residuals C, which in turn are made aware of the previous frame features F';_; and gated based on the flow features Fo.
For the sake of simplicity, we present the instances of C, Cq, F1_1 and F}{*_; for a single resolution, but these tensors and the block
ResidualRefine have four instances, one for each resolution, without sharing weights.

Moreover, an additional warping-based 3D self-consistency
loss is added to improve consistency over sequences in a bi-
directional fashion, as described in Sec. 3.2.

3.1. Propagation Module

Our Propagation Module is inspired by the video encoding
paradigm, where redundancies in video data are compressed
by using motion vectors, i.e. rough optical flow, and resid-
ual coefficients, which capture the difference between the
previous frame warped (PFW) and the current frame. How-
ever, unlike video encoding, a video depth estimator does
not have access to the current frame output, as the latter is
the final product of the entire model. Therefore, the Propa-
gation Module learns a correction function that refines the
PFW output in a way that the corrected version matches the
actual current output. This correction is performed at the
deep feature level rather than directly in the output depth
space, in order to take advantage of a more expressive fea-
ture representation and the pre-trained Decoder.

Flow. Optical flow plays a crucial role in propagation, en-
abling warping of both previous-frame depth predictions and
deep features. The model encodes flow between consecu-
tive frames using two backbone layers, which take as input
a three-channel image: red and green channels encode nor-
malized flow values, while the blue channel captures the

luma difference between frames, generating flow features
Fo. The initial optical flow estimate (A)L1 is refined using
a light-weight two-layer convolutional network, producing a
correction term H that improves the flow accuracy, resulting
in a corrected estimate O!_; = (A)i,l -+ H. This refinement
step performs denoising and sharpening, particularly bene-
ficial for low-resolution feature space warping. The initial
flow estimate is computed using the CPU-based DIS algo-
rithm [16], but motion vectors or high-quality predicted op-
tical flow can alternatively be used; VeloDepth is agnostic
and robust to this initial flow estimation.

Fusion and residuals. While feature warping improves
propagation, it is prone to failure in occluded regions or
when the optical flow is inaccurate. To address this, the
fusion mechanism incorporates flow features Fo to guide
the selection of reliable propagated information. RGB and
PFW depth features, denoted as Fy and F'{5, are first encoded
with a backbone layer before being fused using a gated
mechanism, which is used to prevent incorrect propagation
in regions where O _ is unreliable. The fused features C
are obtained via:

C =F; + Gp OFY + Linp(Fo), (1)

where G is the depth gate computed as o (Linp (Fo)), and
Lin is a linear layer. The gating mechanism ensures that



erroneous flow does not degrade depth propagation. The
fused features are processed through the remaining blocks
of the, now shared, backbone and yield multi-resolution
encoder features C = {C;}}_,. Finally, the warped neck
features F'}",_; are corrected using multi-resolution encoder
features C in a residual formulation:

F;i = Conv(Ci[|F; -1, Gr) + Fi_y, 2)

where G is the feature gate controlling the correction pro-
cess obtained via ¢ (MLPz(Fp)), and “Conv” is a ResNet
Block with gating applied in the bottleneck. The gating
mechanism selectively propagates reliable corrections when
needed while filtering out harmful residuals where the PFW
depth features are already corrected. The concatenation of
C,||F;—1 is utilized to make the correction from the En-
coder aware of the previous frame features.

Keyframe selection. To ensure efficient propagation,
VeloDepth minimizes redundant predictions. If the in-
put remains stable, prior predictions are propagated, while
VeloDepth has to re-initialize and predict from scratch when
significant changes occur. In particular, we define a simple
re-initialization heuristic based on optical flow via the mag-
nitude of the flow and a warping-based difference metric.
Formally, we incur a keyframe if and only if

Hw(lew, C)Ll)H1 <0.2% 0.9V

R 3)
Hog_lH1 > 0.15 x 0.9" + 0.1,

where 1w is a H x W matrix of ones, w(z, y) denotes
warping z using flow y, | X[, = 77 >i; lzijlly, and
t is the frame count since the last keyframe. The decay
0.9% accounts for gradual degradation over time, balancing
efficiency and robustness for long sequences.

3.2. Consistency

Maintaining temporal consistency is essential for online and
real-time depth estimation. Ideally, the same 3D point should
retain a consistent location across consecutive frames. How-
ever, traditional MDE models operate on independent im-
ages; this makes them highly sensitive to small input varia-
tions due to the absence of temporal constraints. To mitigate
these issues, VeloDepth introduces a refined consistency loss
formulation. A key limitation of previous methods [47, 57]
is the lack of explicit camera motion compensation. Depth
values propagated through warping reside in different coor-
dinate frames, and without appropriate transformations, their
direct comparison is inconsistent. To ensure equivariance
against camera motion, VeloDepth applies the consistency
loss on metric radial distance rather than raw depth values.
Radial distance remains invariant to rotational transforma-
tions, ensuring that consistency is preserved across frames
regardless of camera orientation. To address translational

motion, a linear shift is computed by aligning the median-
based centers of consecutive 3D point clouds:

Leon(t = 1,1) = [[w(|[Pt-1lly, Of-1) = [Pe = tlly],
t= med(Pt) — med(Pt,l),
“)

where P € R3*#*W represents the 3D point map, Of_; is
the pseudo-ground-truth flow from [49], and med(-) com-
putes the median over pixel and dimension-wise elements.
Occlusions and disocclusions are masked out based on a
forward-backward flow consistency check as per standard
practice. This formulation enforces a pose-agnostic consis-
tency constraint without requiring explicit extrinsic param-
eters, enabling robust and efficient depth propagation suit-
able for practical deployment. The consistency loss is ap-
plicable only for models that infer 3D points directly from
RGB inputs, as it is formulated in terms of metric Euclidean
distance. Additionally, the loss is computed bidirectionally,
ensuring time-invariant consistency across frames: Lqo, =
Leon(t — 1,t) + Leon(t,t — 1). Moreover, we propose to
use it in conjunction with a temporal flip augmentation. This
augmentation helps mitigate the forward-motion bias typ-
ically present in casual coherent videos, which would oth-
erwise induce the network to always mimic forward ego-
motion even when it is not present.

3.3. Network Design

Architecture. The proposed architecture consists of a “Base
Model”, specifically [35], although the former is adaptable
to any metric MDE model, which comprises a “Base En-
coder” and a “Base Decoder”. In addition, VeloDepth in-
volves a propagation network that integrates a multi-modal
encoder, residual correction module, and optical flow refine-
ment, as illustrated in Fig. 2. The multi-modal encoder is
a convolutional network, specifically ConvNeXt-Tiny [21],
with three input branches corresponding to different modali-
ties: RGB, geometric depth, and optical flow. Each branch
extracts dense features Fx € R/ XWXCx4 where (h,w) =
(£,%), and X € {I,D, O}. The features are processed
through three shared blocks to produce the fused features
C, as described in Sec. 3.1. The processed fused features
are multi-scale, producing outputs at four different resolu-
tions, denoted as C = {C;}3_,. The optical flow refinement
module processes F o using two convolutional layers inter-
leaved with 2x bilinear upsampling and a leaky ReL.U acti-
vation function. The residual module then corrects the neck
features at each resolution, 7; = {F;;}3_,, using the multi-
modal and multi-resolution features C, as detailed in (2). The
full Base Model is applied to the first frame, which is treated
as a keyframe, to generate the initial neck features, F, while
the base decoder processes the incoming refined features F;
for all subsequent frames (¢ > 0) until the next keyframe is
incurred as described in Sec. 3.1. The model outputs the pre-
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Figure 3. Pareto optimal frontier is evaluated in terms of com-
bined accuracy (695" and consistency (T5SSI). Disk areas corre-
spond to inference efficiency (FPS); the larger the area, the faster.
VeloDepth strikes a positive tradeoff w.r.t. its Base Model (i.e.
UniDepthV2), achieving a substantial improvement in consistency
for a minor drop in accuracy.

dicted 3D point maps P; € R3*H*W thanks to intrinsics
provided by the Base Model, along with the neck features
F&, which are then propagated to the next frame (¢ + 1).

Optimization. The optimization strategy comprises five dis-
tinct loss functions targeting three main objectives: output ac-
curacy, flow refinement, and consistency. Depth predictions
are optimized using the SIj,s (D*, D) loss from [8], where
D* denotes ground-truth depth, and the L; gs1(D*, D) loss
from [37], computed over the entire video clip rather than
per image. When GT depth is unavailable, the supervi-
sion is derived from the “Base Model” predictions. The
stability and accuracy of depth predictions depend on en-
suring that neck features remain sharp and do not degrade
due to warping. Therefore, the corrected neck features
are supervised by aligning them to the per-frame Base
Model features ({F; , }7_,) using an Ly loss: Lg(F;, F;) =

S (T I e~ Fiell,)-
flow O is supervised using pseudo-GT backward flow pro-
duced by SEA-RAFT [49] with an L; loss. Finally, the con-
sistency between consecutive frames is enforced through the
proposed bidirectional consistency loss L., described in
Sec. 3.2. This formulation ensures that depth predictions re-
main stable over time while enabling accurate depth propa-
gation across video sequences. The final loss is the sum.

The refined optical

4. Experiments

4.1. Experimental Setup

Datasets. The training dataset accounts for two differ-
ent sources, in-the-wild without GT and depth datasets.
The former is composed by Kinetics-700 [41], Moments-
in-Time [25], and SAv2 [38], while the latter by Tar-
tanAir [45], Wild-RGBD [51], HabitatMatterport3D [36],
PointOdyssey [58] and Waymo [43]. More details are given

in the supplement. We evaluate the generalizability of mod-
els by testing them on 4 datasets not seen during training, in
particular, ScanNet [5], Sintel [2], Bonn-RGBD [27], and
TUM-RGBD [42].

Implementation details. VeloDepth is implemented in Py-
Torch [29] and CUDA [26]. Training uses the AdamW [22]
optimizer (51 = 0.9, B2 = 0.999) with an initial learning
rate of 1 x 10™%. A cosine annealing scheduler reduces the
learning rate to one-tenth after 30% of total training itera-
tions. We run 150k optimization iterations with 256 total im-
ages per iteration. The dataset sampling procedure follows
a weighted sampler, where each dataset is weighted by its
number of scene. We employ curriculum learning to pro-
gressively increase sequence length from 2 to 20 frames, us-
ing a linear schedule between 50k and 150k iterations. The
idea behind curriculum learning is a progressive increase in
sequence complexity, which stabilizes training when han-
dling long video sequences. Since a single GPU can accom-
modate only 10 non-keyframe frames per iteration, initial
frames of longer sequences are processed in “no grad” con-
text. Our augmentations are both geometric and photomet-
ric, i.e. random resizing and cropping for the former type,
and brightness, gamma, saturation, and hue shift for the lat-
ter. In addition, we employ temporal augmentation which
flips the ordering of the frames in each batch with 50% prob-
ability. The Base Encoder and Decoder are frozen and ini-
tialized with UniK3D [34] weights. We randomly sample
the image ratio per batch between 2:1 and 1:2 and between
0.2 and 0.4 Megapixel (MP). The training time amounts to
6 days on 8 NVIDIA RTX 4090. For the ablations, we run
80k training steps with the training pipeline as for the main
experiments compressed from 150k to 80k steps.
Evaluation details. We evaluate on ScanNet following pro-
tocol from [13] and on Bonn-RGBD and TUM-RGBD fol-
lowing [12], while for Sintel all sequences are tested. Depth
accuracy and consistency are assessed using §; and 75 met-
rics, respectively. J; measures the percentage of pixels
whose predicted depth is within 25% of the GT depth. 75
measures consistency across frames by warping depth from
t — 1 — t using optical flow, applying ego-motion correc-
tion, and considering a pixel inlier when the difference is
within 5% of the depth at t. This metric extends the accuracy
evaluation used in OPW [47] and TCM [57], incorporating
additional ego-motion compensation. Optical flow is either
sourced from [49] or provided by the dataset itself. When
per-frame depth predictions are rescaled to match GT depth
for 6, or 75, we denote them as 675! and 7551, This rescal-
ing enables fair comparisons with non-metric models while
ignoring global scale inconsistencies in 75. GPU inference
speed is measured on an NVIDIA RTX 3090 using synchro-
nized timers. CPU inference speed is evaluated on an M1
Pro chip utilizing the MPS backend, as this setup closely
approximates modern mobile processors such as A19 chip
while keeping the testing simpler. Inference speed is mea-
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sured over a 60-frame sequence and averaged per frame on
0.5 MP images. Both GPU and CPU benchmarks employ
mixed precision. For the ablations, we evaluate VeloDepth
by running it on the first 32 frames of each sequence and ini-
tializing on the first frame with the Base Model. All methods
are evaluated in an online fashion: at frame ¢, each model
has access to only frames < ¢. Direct comparisons to mod-
els operating offline would be misleading, as the latter ex-
ploit future information, which is not possible in causal set-
tings. We provide offline evaluation in the supplements.

4.2. Comparison with The State of The Art

Table | presents a comprehensive evaluation of VeloDepth
against state-of-the-art monocular, stereo, and video depth
estimation methods across four distinct domains. It is worth
noting that we report mainly scale- and shift-invariant met-
rics to increase the extensiveness of our comparison, but
VeloDepth outputs metric predictions, which are evaluated
more extensively in the supplements. Our method clearly
demonstrates superior temporal consistency and computa-
tional efficiency compared to all competitors. In particu-
lar, when compared to a model with a similar runtime, such
as [57], VeloDepth achieves significantly higher accuracy
(+70.6%) and consistency (+18.5%). Furthermore, com-
pared to the closest competitor in terms of consistency, [48],
our approach not only improves accuracy by 12.8%, but also
provides a 6.7x improvement in inference speed. However,
VeloDepth can produce metric output, in contrast to most
video-based methods, and in the metric-case, it ranks 1% and
2™ for consistency and accuracy, respectively.

While monocular depth estimators generally yield higher
absolute accuracy, this accuracy typically comes at the ex-
pense of temporal consistency. For instance, VeloDepth
notably surpasses the consistency of its monocular base
model (UniK3D) by 13.3% and 21.4% for metric and affine-
invariant evaluation, respectively, highlighting the strength of
our propagation-based approach. Moreover, as illustrated in
Fig. 4, despite being a metric depth estimator susceptible to
global scale jitter, unlike relative depth estimators, ourmodel
still maintains remarkably high consistency. Traditional
monocular and repurposed-online depth methods exhibit sub-
stantial frame-to-frame jitter as color jumps, indicative of in-
consistent predictions, whereas VeloDepth effectively miti-
gates this issue through its feature propagation mechanism. It
is important to note that VeloDepth inherits occasional incon-
sistencies from keyframe predictions produced by the monoc-
ular base model, especially when significant scene changes
trigger the computation of a new keyframe. Despite this, the
propagated intermediate predictions remain highly stable.

Finally, as depicted in Fig. 3, VeloDepth establishes a
Pareto-optimal frontier, clearly demonstrating the best avail-
able trade-off between consistency, accuracy, and computa-
tional efficiency among current depth estimation methods.

4.3. Ablations

We conduct an extensive ablation study to evaluate the im-
pact of key architectural and optimization components. This
includes analyzing input modalities in Table 2, gating mech-
anisms in Table 3, loss functions in Table 4, the choice of
optical flow in Table 5, and the proposed inductive biases in



Table 1. Comparison on zero-shot evaluation. All methods are evaluated in an online fashion. The “Type” column indicates the original
task tackled, M: monocular, S: stereo, V: video or multi-view. Profiling is run on 60 frames of 0.5MP averaged per frame. FPScpu is
measured on an RTX 3090 and FPScpu on an M1 chip, both with half precision. }: camera GT at inference time.

Method Type TUM-RGBD ScanNet Sintel Bonn-RGBD Aggregate Efficiency
OPSTp ST ST SST4 gPST4 75STg ST 78ST4 98T 4 78814 FPSgpy + FPScpy T ParamsM] | FLOP[T] )

DAV2 [53] M 94.0 79.9 98.1 72.8 73.0 55.0 98.5 95.1 90.5 74.5 16.9 1.1 335.3 2.0
Metric3Dv2* [11] M 96.1 74.0 99.0 81.3 77.2 31.3 99.1 86.0 93.0 69.0 7.1 0.7 411.9 3.5
DepthPro [1] M 94.3 58.2 97.2 43.9 73.7 17.6 99.0 63.2 91.3 45.6 2.8 0.2 952.0 4.8
UniDepthV2 [35] M 96.6 71.0 98.5 74.8 80.7 34.5 99.0 82.0 93.8 66.1 13.4 1.0 353.8 2.2
UniK3D [34] M 96.6 69.4 98.5 76.1 80.5 32.2 99.0 79.7 93.6 64.4 12.1 1.0 375.3 2.6
MASH3R [18] S 88.1 7.4 96.7 77.9 59.3 55.6 93.9 86.6 84.5 74.4 2.7 0.7 688.6 3.2
CS-LSTM [57] v 24.7 81.6 26.0 59.7 8.0 71.1 27.7 73.0 20.8 69.0 25.3 2.5 15.0 0.4
NVDS [48] v 76.6 83.9 85.1 88.7 67.6 65.8 88.0 97.3 78.6 82.6 3.9 0.5 432.9 2.2
ChronoDepth [40] v 58.5 76.6 74.1 72.4 26.5 34.2 61.8 68.8 55.2 63.0 0.3 OOM 1522.3 19.6
DepthCrafter [12] v 83.5 80.0 94.4 83.2 74.3 64.9 98.7 96.3 86.6 79.2 0.2 OOM 1524.6 27.1
VideoDA [3] v 94.9 80.1 98.1 87.5 76.8 64.2 99.0 96.0 92.2 80.7 11.3 OOM 384.4 3.9
VGG-T [44] \% 90.2 844 993 86.5 74.1 68.9 99.0 96.6 90.9 83.0 2.3 OOM 1261.0 8.8
VeloDepth v 94.8 89.1 96.2 89.1 76.1 75.4 98.4 96.3 91.4 87.5 26.2 2.7 409.4 0.7

Table 2. Input modalities. D3’ ; indicates the previous frame
warped depth and O_; the initial optical flow. Current RGB is
always used as input.

b Ozts—1 ‘ ot 7t 5§SI T T:aSSI )
1 X X 63.1 78.0 76.8 81.1
2 v X 62.3 883 784 90.6
3 X v 69.3 89.7 82.6 90.3
4 v v 71.3 91.8 82.9 92.4

the Propagation Module in Table 6 and keyframe selection
in Fig. 5. Each table underlines a row, which corresponds to
the (partial) configuration used in the final VeloDepth.
Input Modalities. The results in Table 2 highlight the role
of different input modalities in VeloDepth. Adding the PFW
depth prediction (row 2) significantly enhances depth con-
sistency, demonstrating the importance of propagating prior
depth estimates. However, this addition does not directly im-
prove depth accuracy, suggesting that the network primarily
learns to preserve existing structures, i.e. zero residuals Cg
rather than actively refining depth estimates. Integrating op-
tical flow further improves both consistency and accuracy by
allowing the model to identify incorrect PFW features. This
enables targeted feature corrections while maintaining sta-
bility by setting the residual to zero in regions where depth
estimates are already reliable. The best performance (row 4)
is achieved when both PFW depth and optical flow are in-
cluded, as VeloDepth gains a comprehensive understanding
of prior depth information, its motion dynamics, and where
to trust these estimates. The RGB image is always included
as a reference modality in all experiments.

Gating Mechanisms. Table 3 presents an analysis of the
gating mechanisms applied at different stages in the network.
The most significant impact is observed when gating is ap-
plied to PFW neck features (row 2), as it directly regulates
whether residual corrections from the Propagation Module in-
fluence the next frame. This prevents the network from being
implicitly biased to predicting always zeros, since for large
parts of images correction is typically null and supervised to

Table 3. Flow-based gating. F}°_; corresponds to previous frame
warped decoder features, F1y to depth features, and Fy image
features after the first respective layers. o indicates if the element-
wise sigmoid-based gating is applied. “1 — o represents inverse
gating w.r.t. F{ one.

v, F§ Fr [t w1 6954 8T
1 X X X 71.3 91.8 82.9 92.4
2 o X X 73.1  93.0 84.3 93.9
3 o o X 74.1  92.7 84.7 93.5
4 o o 1—-0 | 728 91.7 R83.9 92.5

Table 4. Optimization. Flip refers to using the temporal flipping
augmentation. Lcon and outc,,, indicate if the proposed consis-
tency loss is employed and on which output, respectively, with D
referring to depth and R to euclidean distance.

Flip Leon oute,, | 611 71 o351 75504
1 X X n/a | 683 899 81.6 904
2 v X n/a | 725 90.6 838 = 922
3/ v D 71.5 88.8 826  92.1
4 v v R 741 927 847 935

be null. Rows 3 and 4 evaluate gating during modality fusion,
where gating depth slightly improves accuracy. However,
this effect is partially redundant, as the PFW feature gating
(row 2) already ensures that residuals are only applied when
necessary, effectively preventing unnecessary corrections. In
row 4, an inverse gate is introduced on RGB features, enforc-
ing a convex combination of depth and RGB information.
However, this leads to a detrimental effect on performance.
We speculate that this occurs because RGB features are never
warped, meaning that applying a gating function to them re-
sults in information loss rather than selective refinement.

Loss. Table 4 presents the ablation results on the training
pipeline, focusing on flip augmentation (row 2) and the pro-
posed loss functions (rows 3 and 4). The results indicate that
flip augmentation enhances accuracy by mitigating the for-
ward motion mimicking bias, as discussed in Sec. 3.2. The
proposed consistency loss, introduced in Sec. 3.2, signifi-
cantly improves both depth consistency and accuracy. By en-



Table 5. Flow. O%_; is the flow used to perform warping. MV
refers to using MPEG-4 motion vectors, DIS utilizes [16] and
RAFT [49]. The subscript R stands for usage of the corresponding
optical flow refined via FlowRefine.

O, [0t mt o1 51

MV 699 899 794 90.2
DIS 70.2 90.8 81.8 91.7
MVgr | 729 921 838 92.7
DISg | 741 927 847 93.5
RAFT | 743 932 85.0 93.8

DA W N =

Table 6. Propagation. Prop refers to usage of propagation via flow-
based warping, while Init to the Base Model initialization. Encgast
indicates which encoder is used for fast-frames, with fusion and
refinement when applicable: “Base (no prior)” means the Base
Encoder is used but no prior information is passed to.

Prop Init Encpag ‘ st mt S 58Ty
1 X X Ours 54.6 745 70.6 82.2
2 v/ X Ours 62.7 90.7 75.8 92.4
3 v — Base(noprior) | 781 775 86.3 79.1
4 v v Ours 741 927 84.7 93.5

forcing similarity between matching locations in consecutive
frames, up to a translation, the loss provides an additional
supervision signal that reinforces temporal stability. Con-
versely, applying the consistency loss directly to depth values
instead of Euclidean distances leads to a performance drop,
as shown in row 3. This result suggests that enforcing con-
sistency in depth space alone introduces incorrect supervi-
sion signals, leading to inconsistencies in depth predictions.

Flow. The effect of different optical flow methods used for
warping is examined in Table 5. The tested approaches in-
clude motion vectors (MV) extracted from MPEG-4 video
encoding, DIS [16] flow, and SEA-RAFT [49] flow. Both
MYV and DIS flow can be used directly or refined via the
“Flow Refine” convolutional layers described in Sec. 3.3 and
illustrated in Fig. 2, leading to refined versions MVy and
DISg. The results exhibit a diminishing return effect when
increasing the quality of the optical flow O!_, indicating
that beyond a certain threshold, further improvements in flow
estimation yield smaller gains. Comparing row 1 to row 3
and row 2 to row 4, we observe that flow refinement, despite
its relatively low capacity, improves both accuracy and con-
sistency. This suggests that the refinement step effectively
denoises the warping flow, leading to better propagation.
Propagation. Table 6 evaluates the role of initialization and
propagation strategies. Row 1 represents a standard image-
based MDE model, where the PFW depth DY, ; and features
41 are not utilized, thus we do not predict a residual but
the full neck features F'; every frame. Row 2 corresponds
to VeloDepth without keyframe initialization from the Base
Model, Row 3 represents a model without any prior input
modality but RGB (processed by the Base Encoder) and with
flow-based propagation of previous neck features. Compar-
ing row 1 and row 2 highlights the importance of prior knowl-
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Figure 5. Keyframe interval impact is evaluated in accuracy (57°")
and consistency (755, Plot lines refer to fixed keyframe intervals
on the x-axis. V refers to our keyframe selection mechanism,
accounting for an average keyframe interval of 30.

edge, framing the problem as a propagation rather than a pre-
diction significantly improves both accuracy and consistency.
The comparison between row 2 and row 4 further emphasizes
that a high-capacity initialization is highly beneficial for ac-
curacy. Additionally, the results in row 3 vs. row 4 show that
while a high-capacity model enhances accuracy, it does not
necessarily improve consistency. Instead, the prior informa-
tion from previous frames plays a crucial role in ensuring
stable predictions. This confirms that consistency is driven
primarily by leveraging prior information rather than by in-
creasing the capacity of the propagation mechanism alone.
Keyframe Selection. Fig. 5 illustrates the impact of dif-
ferent keyframe selection strategies. We compare selecting
keyframes at fixed intervals against our proposed heuristic
described in Sec. 3.1. Despite its simplicity and minimal tun-
ing, our heuristic effectively maintains temporal consistency
without sacrificing accuracy. We note that increasing the
distance between keyframes enhances consistency but nega-
tively impacts accuracy, as the Propagation Module tends to
produce overly smoothed results in the long run.

5. Conclusion and Limitations

We introduced VeloDepth, a novel online video depth esti-
mation approach that leverages temporal priors to improve
consistency, efficiency, and accuracy. Our Propagation Mod-
ule refines and propagates depth across frames using opti-
cal flow and residual corrections, achieving strong tempo-
ral stability without relying on computationally expensive
recurrent architectures. However, the method is sensitive
to keyframe quality, as errors may be propagated over time.
While performance depends on the quality of the optical
flow input, empirical results demonstrate notable robustness
and flexibility. Extensive zero-shot evaluations further show
that VeloDepth delivers superior temporal consistency and
a strong trade-off between accuracy, stability, and runtime
efficiency, making it well suited for real-world applications.
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