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Supplementary Material

S1. Details of Loss Functions

In addition to our proposed temporal alignment losses
(Lalign and Ltemp), we retain the original monocular super-
vision from MoGe [46] to preserve single-frame geometric
fidelity. The total monocular loss LMoGe is composed of
three terms:

LMoGe = Llocal + Lnormal + Lmask, (10)

where Llocal, Lnormal, and Lmask supervise local geome-
try, surface normals, and validity masks, respectively.

Multi-scale local geometry loss (Llocal). This term ex-
plicitly supervises local geometric structures. Given a
ground-truth anchor point pj, we define a local spherical
neighborhood Sj as:

Sj = {i | ||pi → pj|| ↑ rj, i ↓ M}. (11)

Following MoGe, the radius rj is depth-adaptive, defined as
rj = ω · zj ·

→
W 2+H2

2·f , where zj is the depth of pj, f is the
focal length, and ω ↓ (0, 1) is a scalar controlling the neigh-
borhood size relative to the image diagonal. Within each
neighborhood, we solve for the optimal affine parameters
(s↑

j
, t↑

j
) to align predictions with the ground truth. We sam-

ple anchor sets Hω across multiple scales ω ↓ {
1
4 ,

1
16 ,

1
32}

and compute the accumulated error:

Llocal =
∑

ω

∑

j↓Hω

∑

i↓Sj

1

zi
||s↑

j
p̂i + t↑j → pi||1. (12)

Normal loss (Lnormal). To enforce high-quality surface
details, we minimize the angular error between predicted
and ground-truth normals:

Lnormal =
∑

i↓M

↭(n̂i, ni), (13)

where the predicted normal n̂i is derived from the cross-
product of adjacent vectors on the predicted point map grid,
and ↭(·, ·) measures the angular difference.

Mask loss (Lmask). This loss is employed to identify
valid geometric regions (e.g., suppressing sky or infinity in
outdoor scenes). It is formulated as the mean squared error
between the predicted mask M̂ and the valid region label:

Lmask = ||M̂ → (1→Minf)||
2
2, (14)

where Minf denotes the infinity mask. During inference, M̂
is binarized with a threshold of 0.5.

S2. Details of Evaluation

Evaluation Metrics. We adopt the Absolute Relative Er-
ror (AbsRel) and the inlier ratio ε1 as our primary metrics.
Averaged over all valid pixels M, these are defined as:

AbsRel =
1

|M|

∑ |d→ d̂|

d
, (15)

ε1 =
1

|M|

∑
I
[
max

(d
d̂
,
d̂

d

)
< 1.25

]
, (16)

where d is the ground truth depth, d̂ is the predicted depth
(after alignment, if applicable), and I[·] denotes the indica-
tor function, which evaluates to 1 if the condition is met and
0 otherwise.

Evaluation Protocols. We employ three distinct proto-
cols to evaluate different capabilities:
(1) Metric Depth Protocol: For models designed to predict
absolute metric depth (e.g., DepthPro, MoGe-v2), we evalu-
ate the raw predictions directly without any post alignment.
(2) Video Depth Protocol (Global Alignment): To evalu-
ate temporal consistency, we align the entire predicted se-
quence using a single global transformation. Given predic-
tions {d̂j}Lj=1 and ground truth {dj}Lj=1, we solve for the
optimal global scale s↑ and shift t↑ that minimize the error
across all frames simultaneously:

(s↑, t↑) = argmin
s,t

L∑
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di
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||sd̂i
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+ t→ di

j
||1. (17)

This global transformation is then applied uniformly to the
sequence: {dalign

j
} = {s↑ · d̂j + t↑}. This protocol strictly

penalizes scale drift over time.
(3) Image Depth Protocol (Per-Frame Alignment): To
evaluate per-frame geometric quality in isolation, we align
each frame independently. For each frame j, we compute
specific parameters (s↑

j
, t↑

j
):

(s↑
j
, t↑

j
) = argmin

s,t

∑

i↓M
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di
j

||sd̂i
j
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j
||1. (18)

The metrics are then computed on the individually aligned
frames: {dalign

j
} = {s↑

j
· d̂j + t↑

j
}.

S3. Dataset Configuration

S3.1. Training Dataset

To finetune our newly designed DyFN module, we use
seven different synthetic datasets which contain continu-
ous frames and depth annotations. Details are shown in the



Tab 4. Our training dataset contains total around 1M im-
ages and our main experiment are trained with the sequence
length 12. To increase the robustness of our model training,
we randomly select stride from 1 to 5 to sample the contin-
uous frames.

Table 4. Datasets used for training.

Name Domain # Frames Weight

IRS [44] Indoor 101K 20.1%
PointOdyssey [59] Indoor 79K 27.8%
Dynamic Replica [23] Indoor 143K 17.4%
Spring [27] In-the-wild 5K 2.4%
MidAir [14] In-the-wild 423K 9.3%
KenBurns3D [29] In-the-wild 76K 5.6%
TartanAir [49] In-the-wild 306K 17.4%

S3.2. Evaluation Dataset

Video & Image Depth Estimation. We evaluate both
video and image depth estimation performance using four
diverse benchmarks. The details are as follows:
• Sintel [6]. We utilize all 23 sequences for evaluation.

We evaluate directly at the original 1024 ↔ 436 resolu-
tion without resizing.

• ScanNet [12]. We use the standard test split, compris-
ing 100 scenes. We extract 90 continuous frames per
scene at a rate of 15 frames per second (FPS). To handle
the black borders resulting from calibration, we follow

DepthCrafter [22] and crop 8 pixels from the top and bot-
tom edges, and 11 pixels from the left and right edges.

• KITTI [16]. We sample 110 frames across all sequences
in the official KITTI Depth split, maintaining the original
frame rate.

• Bonn [31]. We selected 5 scenes from this dataset, each
contributing 110 frames for evaluation.

Long Sequence Depth Estimation. To assess long-term
stability and error accumulation, we adopt the same Scan-

NetV2 test split. For this specific protocol, we extract 500

continuous frames per scene, sampled at the depth cam-
era’s original frame rate. Furthermore, the same cropping
strategy used for the short sequence evaluation is applied.

S4. Reconstruction Comparison

S4.1. Reconstruction Algorithm

To rigorously evaluate the scale-shift consistency of our
proposed model, we employ a geometric alignment proto-
col based on point correspondences. Given a sequence of L
continuous frames {Ij}Lj=1 and their predicted point clouds
in the camera coordinate system {P

cam
j

}
L

j=1, the objective is

to estimate the rigid transformation (pose) {Rj |tj} for the
frame at timestamp j.

We select a set of reference frames K = {j →

1, j → 5, j → 21} whose ground-truth poses are assumed
known, providing their corresponding world coordinates
{P

world
k

}k↓K. We first leverage PDCNet to establish re-
liable point correspondences, composing the matched 3D
point pairs {pcam

j
,pworld

k
}k↓K.

This set of correspondences is then used to solve for
the optimal rigid transformation {Rj |tj} that aligns the
predicted camera-centric point cloud P

cam
j

into the global
world coordinate system. To handle the inevitable noise and
outliers present in the correspondences, we employ the Ran-
dom Sample Consensus (RANSAC) algorithm. Within the
RANSAC iterative loop, the rigid transformation {Rj , tj}
is determined by solving the Absolute Orientation Problem
(Procrustes problem). Specifically, we seek to minimize the
squared error between the aligned source points and the tar-
get points:

min
Rj ,tj

N∑

m=1

∥∥Rjp
cam
j,m

+ tj → pworld
k,m

∥∥2
2
, (19)

where N is the number of inlier correspondence pairs iden-
tified by RANSAC. The closed-form solution for the op-
timal rotation Rj and translation tj is obtained efficiently
using the Singular Value Decomposition (SVD) method ap-
plied to the centered cross-covariance matrix.

S4.2. Qualitative Comparison

We utilize the robust reconstruction algorithm detailed in
Section S4.1 for qualitative video reconstruction. Our re-
sults are presented in Figure 7 (short sequences) and Fig-
ure 8 (long/dynamic sequences).

Figure 7 provides comparative results, demonstrating
our approach’s superior geometric consistency and clearer
structural reconstruction in both indoor and outdoor scenes
compared to baselines such as VideoDepthAnything (VDA)
and FlashDepth. This highlights the immediate benefits of
our dynamic feature stabilization.

Furthermore, Figure 8 showcases our method’s robust
performance in complex scenarios. The results confirm sus-
tained scale-shift consistency over long-term sequences,
and crucially, illustrate the capability of our model to pro-
duce coherent geometric reconstructions even in the pres-
ence of dynamic scene elements.

S5. Training Length Influence

To investigate the influence of training sequence length,
we conduct an ablation study across four evaluation bench-
marks, as detailed in Table 5. The results clearly demon-
strate that varying the input frame length from 8 to 24
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Figure 7. Qualitative 3D Reconstruction Comparison in Diverse Scenes. We present a qualitative comparison of 3D reconstruction
results across challenging indoor and outdoor environments. Compared to key video depth baselines (VDA and FlashDepth), our method
consistently demonstrates superior geometric fidelity and enhanced temporal consistency, resulting in noticeably more stable and
accurate 3D structures.

frames has a negligible impact on the final accuracy met-
rics across all datasets. This observation strongly confirms
the inherent stability of our DyFN module and demonstrates
that the necessary temporal alignment and scale-shift infor-
mation are learned highly efficiently, even from relatively
short sequence clips. This stability allows us to select 12

frames as the standard training length, optimizing the bal-
ance between computational efficiency and stable perfor-
mance.



Figure 8. Qualitative results on long sequence reconstruction results (more than 500 frames) and dynamic reconstruction results.

Sintel Scannet KITTI Bonn

Frame Length Abs Rel↗ ε < 1.25 ↘ Abs Rel↗ ε < 1.25 ↘ Abs Rel↗ ε < 1.25 ↘ Abs Rel↗ ε < 1.25 ↘

8 0.182 73.3 0.072 96.2 0.064 97.3 0.043 98.4
12 0.180 73.0 0.073 96.6 0.062 97.3 0.044 98.4
16 0.181 73.4 0.072 96.2 0.064 97.0 0.044 98.4
24 0.182 73.3 0.071 96.3 0.067 97.6 0.045 98.4

Table 5. Ablation Study on Training Sequence Length. The
negligible variation in performance across different sequence
lengths (8 to 24 frames) confirms the stability and efficient learn-
ing of temporal consistency in our method.

S6. Implementation Details

As illustrated in Figure 9, our proposed method utilizes
a single ConvGRU recurrent structure to model tempo-
ral dependencies and generate the hidden state. This tar-
geted design leads to superior parameter efficiency: we
only need to optimize the weights of the ConvGRU mod-
ule, which constitutes a dramatically reduced parameter
budget of 2% (approximately 5M) of the total network
parameters. This is orders of magnitude lower than pre-
vious video-trained methods like DepthCrafter (1422.8M)
and VideoDepthAnything (381.8M), allowing for highly ef-
ficient fine-tuning and deployment.

S7. Generalization Capability

To rigorously demonstrate the generalization capability

of our proposed DyFN module, we integrate it into the
DepthAnythingV2 (DAv2) framework. Unlike our pri-
mary Monocular Geometry Estimation (MGE) backbone,
DAv2 is a standard monocular depth model designed to
output disparity, rendering the MoGe-specific geometry
losses (LMoGe) unsuitable. To adapt, we utilize two key su-
pervision signals: the standard scale-shift invariant loss

(Lssi) proposed in MiDaS [3] and our inter-frame tempo-
ral loss (Ltemp) defined in Equation 8. We adopt the same
parameter-efficient fine-tuning strategy (freezing the back-
bone). As shown in Table 6, integrating the DyFN mod-
ule dramatically boosts DAv2’s performance across diverse
domains. Specifically, the ε1 accuracy on Sintel improves
substantially from 55.4 to 63.0, and on KITTI, it rises
sharply from 80.4 to 92.9. This significant uplift vali-
dates that DyFN’s mechanism for stabilizing feature statis-
tics is broadly effective across different architectural types
and output representations.

S8. Limitation and Future Work

While our Dynamic Feature Normalization (DyFN) module
successfully mitigates temporal inconsistencies and main-
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Figure 9. Detailed network structures with ConvGRU. We show the detailed structures when DyFN module use the ConvGRU as
recurrent module to merge the historical information.

Sintel Scannet KITTI Bonn

Method Abs Rel↗ ε < 1.25 ↘ Abs Rel↗ ε < 1.25 ↘ Abs Rel↗ ε < 1.25 ↘ Abs Rel↗ ε < 1.25 ↘

DAV2 0.367 55.4 0.135 82.2 0.140 80.4 0.106 92.1
FlashDepth 0.265 64.2 0.101 90.3 0.103 89.5 0.053 98.0

DAV2 + DyFN 0.242 64.8 0.087 93.2 0.093 93.3 0.053 97.9

MoGe 0.216 65.3 0.117 84.7 0.076 96.0 0.074 95.5
MoGe + DyFN 0.180 73.0 0.073 96.6 0.062 97.3 0.044 98.4

Table 6. Qualitative results on streaming video depth estimation.

tains superior scale-shift consistency across long sequences,
its performance ceiling is fundamentally constrained. A
primary limitation is that the achievable accuracy remains
bounded by the per-frame aligned geometric fidelity of
the underlying monocular depth backbone. Since DyFN
operates by stabilizing the existing feature representation,
it does not leverage the redundant information across mul-
tiple continuous frames to resolve fundamental monocular
ambiguities. Consequently, our method cannot inherently
improve the geometric accuracy of any single frame beyond
the backbone’s original capability.

Future work will focus on extending the DyFN frame-
work to better harness the structural cues present in contin-
uous frames. By integrating multi-frame information within
the recurrent structure, we aim to push past the conven-
tional limits of single-image depth estimation, significantly
enhancing the geometric fidelity and ambiguity resolution
capacity of the resulting depth predictions.
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