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Figure 1. We introduce Dynamic Feature Normalization (DyFN), a novel module that transforms single-image geometry estimators into
consistent streaming video models. DyFN achieves scale-shift consistency across continuous frames, enabling the generation of coherent
3D reconstructions from streaming monocular input.

Abstract

Consistent 3D geometry estimation from streaming RGB

input is crucial for real-world applications such as au-

tonomous driving, embodied AI, and large-scale recon-

struction. While modern monocular geometry foundation

models achieve strong single-image accuracy, they exhibit

severe temporal inconsistency on continuous input, notably

dominated by scale–shift drifting. Through targeted em-

pirical analysis, we trace this instability to its root cause:

fluctuations in latent feature statistics, whose mean and

variance directly determine the predicted depth’s scale and

shift. Building on this insight, we introduce Dynamic

Feature Normalization (DyFN), a lightweight, causal re-

current module that dynamically and robustly modulates

feature statistics to maintain stable geometry over time.

We adapt powerful pretrained monocular geometry mod-

els for streaming by finetuning only DyFN, a mere 2% ad-

ditional parameters, while keeping the backbone frozen,

thereby achieving temporal consistency without compromis-

ing single-image accuracy. Extensive experiments across

four benchmarks show that DyFN effectively eliminates

temporal artifacts such as disjointed layering and posi-

tional jitter, and achieves state-of-the-art temporal stability,

improving over prior streaming methods by up to 14% and

even outperforming heavier non-causal video baselines.

Project page: https://shawlyu.github.io/DyFN

1. Introduction

3D geometry estimation is fundamental to many real-world
applications, such as robotics, autonomous driving, and
augmented reality. Recently, Monocular Geometry Estima-
tion (MGE) and Monocular Depth Estimation (MDE) [2,
32, 35, 46, 47, 54, 55, 57] has progressed rapidly with the
rise of large-scale foundation models, significantly narrow-
ing the gap between single-image prediction and sensor-

https://shawlyu.github.io/DyFN
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Figure 2. Reconstruction comparison. We align the predicted
depth to metric scale using an affine transformation. Per-frame
Aligned involves calculating the scale and shift for each frame in-
dependently. Sequence-aligned involves calculating a single, con-
sistent scale and shift for the entire sequence. The point clouds are
then fused using ground truth poses.(ω1 means ω < 1.25)

based measurements. Models such as MoGe [46] further
exhibit remarkable zero-shot generalization across diverse
scenes by learning geometry-aware priors from massive im-
age collections. Despite these advances, most MGE and
MDE models are designed for image inference, limiting
their applicability in dynamic environments where input
naturally arrives as continuous video streams.

When applied to continuous video streams, image-based
MGE models exhibit pronounced temporal inconsistency:
geometry predictions fluctuate across frames, causing dis-
tortions such as layering breaks and positional jitter in re-
constructed scenes (Fig. 2c). Existing methods mitigate this
issue using temporal attention [22, 38] or recurrent memory
modules [11, 45] to enforce inter-frame coherence. How-
ever, these solutions come with notable limitations: they
typically require full-network finetuning on large-scale an-
notated video datasets, which is computationally expen-
sive and data-intensive; and such finetuning often degrades
the per-frame accuracy and zero-shot generalization of pre-
trained MGE models by overfitting the backbone to specific
video domains.

In this paper, we argue that existing foundation MGE
models are already well-equipped to be repurposed for
streaming video depth estimation without retraining the en-
tire network. We posit that temporal inconsistency does not
primarily arise from per-frame perceptual errors, but from
inherent scale ambiguity: without a mechanism to maintain
consistent scale and shift over time, the model effectively
predicts each frame in an independently drifting coordinate
system. Notably, pretrained models such as MoGe [46] al-
ready encode strong geometric structure—when each frame

is individually aligned with a simple per-frame scale and

shift, the reconstructed 3D geometry becomes accurate and
temporally coherent (Fig. 2b). This implies that tem-
poral inconsistency is largely driven by frame-to-frame

scale–shift instability rather than deficient geometry. To
further investigate this phenomenon, we conduct an empir-
ical analysis of how global latent feature statistics influence
predicted scale and shift (Sec. 3). Our results reveal that
scale/shift variations are tightly coupled with the mean and

variance of latent features extracted by the pretrained en-
coder (Fig. 3). This finding suggests that rather than re-
training the entire model, temporal stability can be achieved
by directly regulating these latent feature statistics of MGE
models, specifically, their mean and variance.

Motivated by this observation, we propose Dynamic

Feature Normalization (DyFN), a lightweight, learnable
module that predicts and dynamically modulates the mean
and variance of latent features over time to enforce consis-
tent depth across frames, without compromising the fidelity
or generalization of pretrained MGE models. For online

streaming depth estimation, DyFN incorporates a recurrent
ConvGRU-based module that updates normalization param-
eters based on aggregated historical context. By finetuning
only this DyFN, while keeping the pretrained encoder and
decoder frozen, our method efficiently adapts existing MGE
models to continuous inputs, achieving temporal coherence
without sacrificing geometric accuracy. Extensive exper-
iments across diverse benchmarks demonstrate that DyFN

achieves state-of-the-art temporal stability in streaming sce-
narios (See Figure 5 and Table 1). It not only surpasses
strong video-based methods, but also preserves the strong
single-frame accuracy of pretrained MGE models.

In summary, our main contributions are threefold:
• We identify the principal source of temporal instability

in pretrained monocular depth models: frame-to-frame

scale–shift inconsistency arising from fluctuations in la-
tent feature statistics (mean and variance), thereby estab-
lishing a direct connection between feature distribution
and temporal stability.

• We propose Dynamic Feature Normalization (DyFN),
a lightweight and general stabilization module that dy-
namically modulates latent feature statistics to maintain
consistent scale and shift over time.

• We show that finetuning only this small stabilizer while
freezing the pretrained MGE backbone achieves state-
of-the-art temporal stability across diverse video bench-
marks without degrading single-frame accuracy or gener-
alization, surpassing fully trained video-based models.

2. Related Work

Relative Depth Estimation Relative depth estimation has
demonstrated robust generalization across diverse domains



by predicting depth up to an unknown scale and shift [3, 13,
26, 35, 36, 54, 55]. Foundational works like MiDaS [35]
established this paradigm using multi-dataset training com-
bined with scale-invariant losses. Subsequent research
has increasingly integrated large-scale self-supervised pre-
training [19, 30, 50–52] to enhance feature representation.
Notably, DPT [36] successfully adapted transformers for
dense prediction, a strategy further scaled by Depth Any-
thing [54, 55] utilizing over 60 million unlabeled images
to achieve superior zero-shot performance. More recently,
diffusion-based methods such as Marigold [25] and Ge-
oWizard [15] have leveraged generative priors [34, 37] to
push the boundaries of detail recovery. Despite these ad-
vancements, these frame-centric approaches process images
independently, inherently failing to maintain temporal con-
sistency when applied to video streams.

Metric Depth Estimation. To resolve scale-shift ambi-
guity, metric depth estimation aims to recover absolute
depth from monocular inputs, a task that remains funda-
mentally ill-posed [2, 18, 21, 32, 33, 47, 56, 57]. Re-
cent methods tackle this by incorporating strong geomet-
ric priors or optimizing for camera intrinsics. For instance,
LeReS [56] leverages scene statistics to align predictions,
while ZoeDepth [2] extends relative depth networks with
adaptive metric bins to handle scene variability. Address-
ing the dependency on camera parameters, Metric3D [57]
and its successor [21] propose zero-shot inference within
a canonical camera space, whereas UniDepth [32] em-
ploys spherical parameterization to disentangle intrinsics
for broader generalization. Although anchoring predictions
to a metric scale theoretically reduces global scale drift,
these methods process video frames individually. With-
out explicit temporal integration, they remain susceptible to
inter-frame flickering and metric instability when applied to
dynamic video streams.

Video and Stream Depth Estimation To explicitly model
temporal dependencies, recent works extend image-based
baselines by injecting bidirectional attention [40], incor-
porating recurrent networks [1, 17, 20, 45], or leverag-
ing pre-trained video generative models [4, 41]. For in-
stance, Video Depth Anything [8] augments the static Depth
Anything V2 architecture with spatial-temporal attention
and keyframe scheduling to enhance long-term consistency.
Similarly, RollingDepth [24] employs multi-frame cross-
attention aligned with global optimization. In the generative
domain, ChronoDepth [38] pioneers the use of video diffu-
sion priors for depth regression, while DepthCrafter [22]
adopts a curriculum-based training strategy to synthesize
temporally coherent sequences. However, these window-
based methods typically rely on processing fixed-length
clips with overlapping inference. This paradigm inherently
incurs high latency and memory redundancy, limiting their
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Figure 3. Empirical study on scale-shift variations. The left part
illustrates the MGE performance (AbsRel) after modulating the
latent features with sampled modulation parameters (ε,ϑ). The
right part visualizes the corresponding MGE outputs and param-
eters used to align with GT. It can be observed that despite the
predicted depth exhibiting significant scale and shift fluctuations,
the underlying geometric accuracy remains largely unchanged.

applicability for long-duration or real-time scenarios. Con-
sequently, streaming architectures have emerged as an effi-
cient alternative, processing arbitrary sequence lengths via
recurrent states. A representative work, FlashDepth [11],
demonstrates this potential by maintaining a compact hid-
den state to achieve real-time inference at 2K resolution
without sacrificing temporal stability.

Multi-frame Geometry Estimation Distinct from direct
depth regression, geometric estimation methods reconstruct
dense 3D point maps directly from images, leveraging ex-
plicit geometric constraints to enhance structural fidelity [7,
10, 28, 39, 42, 43, 45–48, 53, 58]. The foundational work,
Dust3R [48], reformulates pairwise structure-from-motion
as a regression task, enabling robust reconstruction from
uncalibrated views. This paradigm has been extended to dy-
namic and sequential contexts: MonST3R [58] incorporates
motion priors to handle dynamic objects, while VGGT [43]
utilizes global spatiotemporal transformers for consistent
scene reconstruction. To address the memory bottlenecks
in long-sequence processing, CUT3R [45] adopts LSTM-
style recurrent updates to accumulate geometric features,
and TTT3R [10] optimizes memory read-write mechanisms
to enhance localization stability. However, these geometry-
centric approaches generally incur significant computa-
tional overhead and heavily rely on multi-view overlap.
Consequently, they often struggle in pure monocular set-
tings or highly dynamic environments where consistent ge-
ometric constraints are violated or absent.



3. Empirical Studies

Pretrained monocular geometry foundation models such
as MoGe [46] achieve remarkable accuracy on single im-
ages, reconstructing fine geometric details and demonstrat-
ing strong zero-shot generalization. Despite this single-
frame success, their direct application to continuous video
streams reveals a critical limitation. When applied naively
in a frame-by-frame manner, these models suffer from se-
vere scale-shift ambiguity across consecutive frames. Al-
though each individual prediction may appear geometri-
cally plausible in isolation, they are not anchored to a con-
sistent 3D coordinate frame. This failure to maintain a
stable geometric reference results in significant structural
instability in the aggregated 3D scene. As illustrated in
Fig. 2c, this manifests as non-rigid warping and geomet-

ric drift over time, rather than a coherent, stable reconstruc-
tion. This discrepancy highlights a fundamental gap: while
existing models encode powerful static spatial priors, they
lack the cross-frame geometric coherence required for sta-
ble 3D reconstruction from continuous stream.

3.1. What are the causes of temporal inconsistency?

To understand the root cause of this inconsistency, we per-
form an empirical study using the state-of-the-art monoc-
ular depth estimator MoGe [46] as a representative model.
We find that the model’s underlying geometric understand-
ing is already robust. When each frame’s prediction is in-
dividually aligned to the ground truth using a simple affine
transformation (scale and shift), the reconstructed 3D ge-
ometry becomes highly accurate and geometric consistent
(Fig. 2b). As demonstrated in Fig 2c, when fusing the
predicted point clouds using a single sequential alignment
(one scale/shift for the entire sequence), the reconstruc-
tion suffers from severe non-rigid warping and geometric
drift, achieving an accuracy (ω < 1.25) of only 62.5. In
stark contrast, when we align each frame individually (per-
frame scale and shift), the accuracy dramatically increases
to 99.8. This reveals that the primary cause of temporal in-
consistency is not geometric degradation but rather frame-

to-frame scale-shift variation, the predicted global depth
scale and offset drift over time, leading to unstable geome-
try estimation sequences.

3.2. What are the causes of scale-shift variations?

We further investigate what causes such scale–shift fluctu-

ations in monocular geometry models. Most modern MGE
networks share a common encoder–decoder architecture,
where an input image I is first encoded into latent fea-
tures F = E(I), which are then decoded into a point map
P = D(F).

Analysis Setup. As the scale and shift parameters are
global statistics that govern the predictions, we study how

the global latent feature distribution influences these pa-
rameters across frames. To examine this, we select two im-
ages from distinct domains (indoor and outdoor) and extract
their latent features F . For each feature map, we compute
its channel-wise mean µ

F
and standard deviation ωF , then

normalize the features as

Fnorm =
F → µ

F

ωF + ε
, (1)

where ε is a small constant for numerical stability. We then
introduce scaling multipliers ϑ,ϖ ↑ [0.5, 2.0] to modulate
the mean and standard deviation, defining

µω

F
= ϑ · µ

F
, ωε

F
= ϖ · ωF , (2)

and reconstructing modified features as

F
ω,ε = Fnorm · ωε

F
+ µω

F
. (3)

Each modified feature map F
ω,ε is fed through the frozen

decoder D to produce a new point map. Using least-squares
fitting, we estimate the corresponding affine transformation
(scale and shift) relative to the original output. The cor-
relation between the modulation parameters (ϑ,ϖ) and the
resulting geometric transformation is visualized in Fig. 3.

Empirical Results. As shown in Fig. 3, our experiments on
both indoor (ScanNet) and outdoor (Sintel) datasets show a
clear phenomenon. We found that altering the statistics of
latent features (such as their mean and variance) directly
causes the absolute scale and shift of the predicted depth
maps to change dramatically (ranging from [0.52, 14.04]
and [-3.18, 12.25], respectively). However, even when the
scale and shift changed this much, the actual geometric
shape of the prediction remained surprisingly stable. We
verified this by applying the affine alignment to match the
predictions with the ground truth; after alignment, the geo-
metric accuracy was still very high. These results confirm
our central hypothesis: the mean and variance of latent fea-

tures are strongly coupled with the prediction’s scale and

shift, but are largely decoupled from its relative geometric

accuracy. In essence, uncontrolled fluctuations in these fea-
ture statistics across a video stream are the direct cause of
the observed scale-shift drift, which in turn manifests as the
structural inconsistency detailed previously. This key in-
sight directly motivates our proposed Dynamic Feature Nor-

malization, a lightweight mechanism designed to explicitly
regulate these statistics over time to enforce stable and geo-
metrically coherent point predictions, as detailed in the fol-
lowing section.

4. Dynamic Feature Normalization

Inspired by the empirical findings in Sec. 3, we propose the
Dynamic Feature Normalization (DyFN) module to address



the scale-shift inconsistency inherent to pretrained monoc-
ular geometry model. DyFN dynamically modulates latent
features based on their temporal context to enforce stable
and consistent geometry predictions for online streaming

video. As illustrated in Fig. 4, our approach freezes the pre-
trained encoder and decoder. Only the lightweight DyFN
module is trained, allowing it to adapt the feature statistics
for temporal consistency.

This module first normalizes the incoming latent fea-
ture Ft to obtain a standardized feature Fnorm

t
following the

Eq. 1. This feature is fed into a Convolutional GRU (Con-
vGRU) [1], which maintains a hidden state ht that sum-
marizes observations from all previous frames. At each
timestep t, the ConvGRU updates its state based on the pre-
vious state ht→1 and the current feature Ft:

ht = ConvGRU(Ft,ht→1). (4)

For the first frame (t = 1), the hidden state h0 is initialized
as a zero tensor.

Two lightweight 1 ↓ 1 convolutional heads then project
the hidden state ht to predict the spatial modulation param-
eters, a mean µ̂

t
and a standard deviation ω̂t:

ω̂t = Convϑ1↑1(ht), µ̂
t
= Convµ1↑1(ht). (5)

These predicted statistics are used to modulate the normal-
ized feature, effectively replacing the original, unstable per-
frame statistics with temporally-aware ones:

F
consistent
t

= ω̂t · F
norm
t

+ µ̂
t
. (6)

This final re-modulated feature F
consistent
t

is then passed to
the frozen decoder D to predict the final depth map Pt.

5. Model Training

Trained Modules. Guided by our analysis that the pre-
trained monocular geometry model already captures ro-
bust relative geometric knowledge, we adopt a parameter-
efficient fine-tuning strategy. We freeze the weights of both
the encoder E and decoder D to preserve their powerful,
generalized feature representations. Temporal consistency
is then achieved by training only the lightweight DyFN
module, which is tasked with modulating the latent feature
distributions. This approach is highly efficient, as the DyFN
module constitutes merely 2% of the total parameters. As
demonstrated in Tab. 1 and Tab. 2, this strategy successfully
achieves our dual objectives: it retains the strong per-frame
geometric accuracy of the frozen backbone while efficiently
enforcing sequence-level stability.

Training Objective. In addition to the base loss from the
backbone, LMoGe, we introduce two terms that explicitly su-
pervise scale-shift stability. The first is a global alignment

loss, Lalign, designed to enforce a single, consistent scale
and shift across the entire sequence. Given a sequence of L
predicted point maps {P̂j}

L

j=1, we compute a single global
affine pair (sg, tg) that best aligns all points from all frames
to the ground truth simultaneously (e.g., via least-squares).
The loss is then defined as the total error measured only

against this single global transformation:

Lalign =
L∑

j=1

∑

i↓M

1

zi

∥∥sgp̂ i

j
+ tg → p i

j

∥∥
1
, (7)

where p i
j is the i-th ground-truth point in frame j with depth

zi, p̂ i

j
is the corresponding prediction, and M denotes valid

points. This formulation directly penalizes any frame j
whose prediction p̂j deviates from the sequence-wide op-
timal scale sg and shift tg . This forces the network’s un-
derlying feature representation (e.g., via DyFN) to produce
outputs that are inherently stable over time.

The second term is an inter-frame temporal loss, Ltemp,
designed to mitigate long-horizon drift. It enforces that the
magnitude of temporal change in the predictions matches
that of the ground truth. To capture both short- and long-
term dynamics, we compute this loss over multiple window
sizes k ↑ K = {1, 2, 4}. The loss penalizes the scaled L1-
discrepancy between the predicted and ground-truth inter-
frame deltas:

Ltemp =
∑

k↓K

L→k∑

j=1

∑

i↓M

1

zi

∥∥∥ sg ω̂ i

j,k
→ ω i

j,k

∥∥∥
1
, (8)

where ω̂ i

j,k
=

∥∥p̂ i

j
→ p̂ i

j+k

∥∥
1

represents the magnitude
of the predicted change for point i across k frames, and
ω i

j,k
=

∥∥p i
j → p i

j+k

∥∥
1

is the corresponding ground-truth
change. Applying the global scale sg (derived from Lalign)
ensures that the predicted deltas are measured in the same
metric space as the ground-truth deltas before comparison.

Our final objective is a weighted sum:

Lfinal = LMoGe + ϑLalign + ϖ Ltemp, (9)

where ϑ = 1 and ϖ = 0.1 in our training. Details of LMoGe
are provided in the supplementary material.

Training Data. To ensure robustness across diverse scenar-
ios, we finetune only the DyFN module on a large-scale data
compilation. This combined corpus provides approximately
1M total frames for training. Unless otherwise noted, our
training procedure involves sampling fixed-length, continu-
ous clips of 12 frames. More details are shown in the sup-
plementary material.

6. Experiment

Baselines To comprehensively evaluate our method on
video depth estimation, we compare it against representa-
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Figure 4. Method Overview. Our method performs consistent geometry estimation from an image stream. Each frame is processed
by a shared ViT-based MGE encoder to extract visual features Ft. These features are then passed into our recurrent Dynamic Feature

Normalization (DyFN) module. The DyFN module leverages a temporally-aware hidden state h to dynamically modulate the mean and
variance of Ft, producing temporally consistent features Fconsistent

t . These stabilized features are subsequently fed into the MGE decoder
to regress a consistent point map. Finally, a correspondence-based rigid pose solver (estimating rotation and translation) aggregates these
point maps to produce a stable and coherent 3D reconstruction (See supplementary for more details).

tive works from six distinct paradigms. We broadly cate-
gorize these approaches based on their output: Depth Esti-

mation methods produce only per-frame depth, while Ge-

ometry methods output per-frame point maps. The specific
categories are as follows: (1) Relative Depth Estimation:

Single-image models trained with an affine-invariant loss.
As they process frames independently, they lack temporal
consistency (e.g., Marigold [25], Depth Anything V1&V2
(“DAV1, DAV2”) [54, 55], MoGe [46]). (2) Metric Depth

Estimation: Single-image models that are trained to pre-
dict depth at a true metric scale (e.g., DepthPro [5], MoGe
v2 [47]). (3) Multi-frame Geometry: Offline models that
process a set of views and leverage mechanisms like bidi-
rectional cross-attention to enforce multi-view consistency
(e.g., VGGT [43], Monst3R [58]). (4) Streaming Geom-

etry: Methods that support online inputs, fusing tempo-
ral information using recurrent modules(e.g., CUT3R [45],
TTT3R [10]). (5) Video Depth Estimation: Models that
use temporal fusion but are constrained to fixed-length, of-
fline video inputs (e.g., DepthCrafter [22], VideoDepthAny-
thing(“VDA”) [38]). (6) Streaming Depth Estimation:

Methods support online streaming inputs and use recurrent
modules to update features for temporal consistency (e.g.,
FlashDepth [11]).

Datasets and Metrics. For quantitative evaluation, we fol-
low the protocol of DepthCrafter [22] and select represen-
tative scenes from datasets covering indoor [12, 31], out-
door [16], and in-the-wild environments [6]. We evaluate
geometric accuracy using the Absolute Relative Error (Ab-
sRel) and the ω < 1.25 threshold. Detailed formulations for
these metrics are available in the supplementary material.

Evaluation Protocol. For non-metric models, we first align
their predictions to the ground-truth scale using a least-
squares method. A crucial distinction lies in the scope of
this alignment, which we define for two separate evalua-
tion settings: (1) Video Depth Evaluation: We compute a
single scale and shift for the entire sequence and apply it
uniformly to all frames. This protocol stringently evaluates
both per-frame accuracy and, critically, inter-frame tempo-
ral consistency. (2) Image Depth Evaluation: We compute
a separate scale and shift for each frame independently. This
protocol isolates per-frame accuracy, measuring the model’s
static performance without penalizing temporal instability.

Sintel (50 frames) Scannet (90 frames) KITTI (110 frames) Bonn (110 frames)

Method Abs Rel↔ ω < 1.25 ↗ Abs Rel↔ ω < 1.25 ↗ Abs Rel↔ ω < 1.25 ↗ Abs Rel↔ ω < 1.25 ↗

• Marigold 0.532 51.5 0.166 76.9 0.149 79.6 0.091 93.1
• DAV1 0.325 56.4 0.130 83.8 0.142 80.3 0.078 93.9
• DAV2 0.367 55.4 0.135 82.2 0.140 80.4 0.106 92.1
• MoGe v1 0.216 65.3 0.117 84.7 0.076 96.0 0.074 95.5

• DepthPro 0.319 52.0 (0.088) (92.7) (0.088) (92.2) (0.063) (96.6)
• MoGe v2 0.214 69.5 (0.110) (88.2) (0.183) (58.8) (0.049) (98.0)

• VGGT 0.287 66.1 0.031 98.5 0.070 96.5 0.055 97.1
• Monst3R 0.335 58.5 0.123 83.2 0.104 89.5 0.063 96.4

• CUT3R 0.421 47.9 0.097 88.7 0.118 88.1 0.078 93.7
• TTT3R 0.404 50.0 0.114 87.7 0.113 90.4 0.068 95.4

• DepthCrafter 0.270 69.7 0.123 85.6 0.104 89.6 0.071 97.2
• VDA 0.300 63.3 0.075 95.4 0.079 95.0 0.051 98.1

• FlashDepth 0.265 64.2 0.101 90.3 0.103 89.5 0.053 98.0
• Ours 0.180 73.0 0.073 96.6 0.062 97.3 0.044 98.4

Table 1. Quantitative evaluation of video depth estimation on
the Sintel, ScanNet, KITTI, and Bonn datasets. We compare meth-
ods across six categories: • Relative Depth, • Metric Depth, •
Multi-frame Geometry, • Streaming Geometry, • Video Depth,
and • Streaming Depth. The best results are highlighted in bold.
Values in gray indicate that the method was trained on the target
dataset. Values in parentheses denote evaluations performed on
the raw metric output without alignment.



6.1. Monocular and Video Depth Estimation

Video Depth Estimation As shown in Table 1, we con-
duct a comprehensive quantitative comparison of our pro-
posed method against six distinct categories of existing
works across four benchmarks (Sintel, ScanNet, KITTI, and
Bonn). The results clearly demonstrate that our method
achieves state-of-the-art performance, outperforming all
other models across all datasets and metrics (AbsRel ↔ and
ω < 1.25 ↗). (1) Comparison with Monocular Depth Mod-
els (Categories • and •): Single-image models suffer from
a lack of temporal constraints. Their inherent scale-shift
inconsistency is heavily penalized by the video evaluation
protocol, which uses a single scale and shift for the en-
tire sequence. Our method, by explicitly enforcing tempo-
ral consistency, shows significant improvements; for exam-
ple, on Scannet, our ω < 1.25 (96.6) is a 11.9% improve-
ment over MoGe v1 (84.7). Metric depth models, while
trained to align with a metric scale, are similarly unstable
and lack temporal fusion. This leads to volatile perfor-
mance across datasets. For instance, MoGe v2’s AbsRel
on KITTI is 0.183, drastically worse than our 0.062. This
highlights the superior stability and consistency of our ap-
proach. (2) Comparison with Multi-view Geometry Esti-
mator (Categories • and •): Multi-view geometry estima-
tion methods mainly rely on static scene assumptions and
known poses. Consequently, they perform poorly in dy-
namic scenes like Sintel (e.g., VGGT AbsRel 0.287 vs. our
0.180 on Sintel). Notably, while VGGT performs well on
the static ScanNet dataset (0.031), this result is attributable
to it being trained on this specific dataset (indicated by gray
text) and is not indicative of generalizability. On the static
Bonn benchmark, our method (0.044) still surpasses VGGT
(0.055) on Abs Rel. Furthermore, streaming-based recon-
struction methods show an even more significant perfor-
mance drop, confirming the limitations of their temporal
fusion mechanisms. (3) Comparison with Video/Streaming
Depth Models (Categories • and •): As our empirical study
suggests, our method addresses the root cause of temporal
inconsistency through dynamic feature normalization. As
a result, our performance is not only significantly better
than other streaming-based methods like FlashDepth (e.g.,
96.6 vs. 90.3 AbsRel on Scannet), but it also surpasses of-
fline video depth methods that utilize more complex bidi-
rectional attention mechanisms. The qualitative results in
Fig. 5 provide visual confirmation. For this visualization,
we align predictions to the metric scale and transform point
clouds into the global coordinate system using ground-truth
poses. Our method’s reconstructions exhibit superior geo-
metric coherence and markedly less non-rigid warping com-
pared to both FlashDepth and Video Depth Anything. Con-
sequently, our method sets a new state-of-the-art, demon-
strating that regulating feature statistics, as motivated by
our empirical study (Sec. 3), is a highly effective strategy

Sintel Scannet KITTI Bonn

Method Abs Rel↔ ω < 1.25 ↗ Abs Rel↔ ω < 1.25 ↗ Abs Rel↔ ω < 1.25 ↗ Abs Rel↔ ω < 1.25 ↗

• DAV2 0.200 74.1 0.039 98.2 0.073 95.3 0.048 98.0
• MoGe v1 0.124 83.7 0.027 98.6 0.044 98.0 0.028 98.8

• CUT3R 0.428 55.4 0.064 93.7 0.092 91.3 0.063 96.2
• VDA 0.200 75.3 0.041 98.1 0.074 95.1 0.039 98.6
• FlashDepth 0.174 75.6 0.056 96.3 0.085 92.6 0.043 98.7
• Ours 0.124 83.7 0.027 98.6 0.044 98.0 0.028 98.8

Table 2. Single-frame depth evaluation. We report performance
across four different categories: • Relative Depth, • Streaming
Geometry, • Video Depth, and • Streaming Depth. Evaluations
are performed on the Sintel, ScanNet, KITTI, and Bonn datasets.
All models accept only a single image as input at a time.
for achieving robust 3D consistency from streaming input.

Single Frame Depth Estimation. In addition to video-
based metrics, we conduct a single-frame depth evaluation,
with results shown in Table 2. A key advantage of our
methodology is that by freezing the pretrained encoder and
decoder, our model perfectly inherits the per-frame accu-

racy of its base model (MoGe v1). As the table demon-
strates, our results are identical to MoGe v1 across all four
datasets. This is a critical distinction from other finetuning
approaches, which often suffer from accuracy degradation.
For example, FlashDepth (which builds on DepthAnything
v2) sees its ω < 1.25 score on KITTI drop from 95.3 (the
base model’s score) to 92.6 after finetuning. Our method
avoids this tradeoff entirely. By preserving the base model’s
state-of-the-art accuracy, our approach achieves the best re-
sults across all datasets when compared to all other video
and streaming-based methods.

Flash DepthGround Truth OursVideo Depth Anything

Figure 5. Qualitative comparison on indoor scenes. We compare
our method with Flash Depth and VDA. Our method shows the
best geometric consistent and less non-rigid warping.

6.2. Ablation Study

We conduct comprehensive ablation studies to validate our
design choices, focusing on four key aspects: the effective-
ness of the DyFN module, the contribution of loss functions,
the choice of recurrent unit, and the global alignment strat-
egy. Quantitative results are reported in Table 3. All ablated
experiments are trained on the full dataset as described on
Sec. 5, more details can be seen in the supplementary.
Effectiveness of DyFN. We demonstrate the impact of our
proposed DyFN module. Compared to the MoGe, the in-



Sintel Scannet KITTI Bonn

Method Abs Rel↔ ω < 1.25 ↗ Abs Rel↔ ω < 1.25 ↗ Abs Rel↔ ω < 1.25 ↗ Abs Rel↔ ω < 1.25 ↗

•MoGe 0.216 65.3 0.117 84.7 0.076 96.0 0.074 95.5
•Ours† 0.180 73.0 0.073 96.6 0.062 97.3 0.044 98.4

•w/o Lalign 0.245 61.8 0.124 83.1 0.088 93.5 0.088 93.3
•w/o Ltemp 0.183 72.7 0.069 96.4 0.063 97.0 0.044 98.4

•DyFN (convgru) † 0.180 73.0 0.073 96.6 0.062 97.3 0.044 98.4
•DyFN (gru) † 0.187 72.5 0.078 94.9 0.065 96.8 0.053 98.1

•L†

align
0.180 73.0 0.073 96.6 0.062 97.3 0.044 98.4

•L‡

align
0.189 72.1 0.066 96.4 0.070 96.2 0.045 98.3

Table 3. Ablation studies. We conduct four different ablation stud-
ies, including: • Effectiveness of DyFN, • Impact of loss function,
• Recurrent Unit Selection and • Global Scale Alignment Strat-
egy. † means that the model was trained with first frame alignment
strategy. ‡ means that the model was trained with the global frame
alignment strategy.

troduction of DyFN yields significant improvements across
all benchmarks. This confirms that the module effectively
enhances temporal accuracy in video depth estimation.
Impact of Loss Functions. The removal of the alignment
loss results in a sharp performance drop, even degrading
accuracy beyond the baseline. This indicates that global-
level alignment supervision is critical; without it, the DyFN
module fails to learn the correct scale needed for alignment,
negatively affecting relative depth precision. Additionally,
the temporal loss (Ltemp) further refines the results by en-
forcing slight improvements in temporal consistency.
Recurrent Unit Selection. We compare different recur-
rent structures within DyFN. While both GRU and Con-
vGRU improve temporal consistency, the ConvGRU variant
achieves superior performance. We attribute this to Con-
vGRU’s ability to better capture spatially structured tempo-
ral statistics (i.e., stable mean and variance) compared to the
standard GRU. See Supplementary for detailed results.
Global Scale Alignment Strategy. Finally, we evaluate the
calculation method for the global scale sg and shift tg used
in Lalign. We compare “First Frame Alignment” (denoted
by †, aligning based on the first frame’s prediction and GT)
against “Global Alignment” (denoted by ‡, derived from the
entire sequence). Results show that the First Frame strat-
egy outperforms the Global strategy. We observe that using
the full sequence for alignment complicates optimization, as
initial predictions are unstable, and significantly increases
training overhead. Consequently, we adopt the First Frame
Alignment strategy for our final model.

6.3. Long Sequence Performance

To further demonstrate the robustness of our method
against scale drift, we conducted experiments on 100 se-
lected scenes from the ScanNet dataset [12], each com-
prising a continuous sequence of 500 frames. We com-
pared our approach against two state-of-the-art baselines:
FlashDepth [11] and VideoDepthAnything [9]. The evalua-
tion was performed at incremental intervals of 100 frames.
Crucially, to rigorously test global consistency, we re-

calculated the sequence-wise scale and shift alignment at
each evaluation step. As illustrated in Fig. 6, while ex-
tended sequence lengths generally introduce accumulated
error, our method demonstrates significantly superior sta-
bility. The Ours curve exhibits a much slower rate of degra-
dation in both Absolute Relative Error (AbsRel) and Accu-
racy (ω < 1.25) compared to the baselines. Notably, even
at the 500-frame mark, our method preserves high accuracy
and outperforms both FlashDepth and VDA by a clear mar-
gin. This empirically validates our method’s effectiveness
in maintaining scale consistency over long durations.

Figure 6. Long-sequence robustness analysis. We report the
Abs Rel error (→) and Accuracy (ω < 1.25, ↑) evaluated at in-
creasing frame intervals (100 to 500). Our method (red) demon-
strates minimal performance decay compared to FlashDepth
and VideoDepthAnything, maintaining superior scale consistency
even as the sequence length increases.

7. Conclusion

We identified that temporal inconsistency in monocular ge-
ometry models stems from latent feature fluctuations caus-
ing scale-shift drift. We introduced Dynamic Feature Nor-
malization, a lightweight recurrent module that stabilizes
these feature statistics over time. By finetuning only DyFN
while freezing the pretrained backbone, our method pre-
serves single-frame accuracy while achieving state-of-the-
art temporal stability. Our results demonstrate superior per-
formance, even on long-duration sequences where we mit-
igate the error accumulation that plagues other methods.
This work offers a simple and efficient path for adapting
static foundation models to continuous video streams.
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