DAGE: Dual-Stream Architecture for
Efficient and Fine-Grained Geometry Estimation
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Figure 1. DAGE produces high-resolution, fine-grained, metric-scale and cross-view consistent 3D geometry together with accurate camera
poses from visual inputs. It runs substantially faster than prior models [95, 102] and scales to long sequences (up to 1000 frames).

Abstract

Estimating accurate, view-consistent geometry and camera
poses from uncalibrated multi-view/video inputs remains
challenging—especially at high spatial resolutions and over
long sequences. We present DAGE, a dual-stream trans-
former whose main novelty is to disentangle global co-
herence from fine detail. A low-resolution stream oper-
ates on aggressively downsampled frames with alternat-
ing frame/global attention to build a view-consistent rep-
resentation and estimate cameras efficiently, while a high-
resolution stream processes the original images per-frame
to preserve sharp boundaries and small structures. A
lightweight adapter fuses these streams via cross-attention,
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injecting global context without disturbing the pretrained
single-frame pathway. This design scales resolution and
clip length independently, supports inputs up to 2K, and
maintains practical inference cost. DAGE delivers sharp
depth/pointmaps, strong cross-view consistency, and ac-
curate poses, establishing new state-of-the-art results for
video geometry estimation and multi-view reconstruction.

1. Introduction

Estimating 3D geometry and camera poses from multi-
view images is a fundamental problem in computer vision.
We target the demanding regime of wuncalibrated, high-
resolution inputs with potentially thousands of frames. This
task is particularly challenging, as the model must simul-
taneously (i) enforce global consistency across views, (ii)
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preserve fine-grained details at high resolution, and (iii) re-
main tractable in runtime and memory for long sequences.

On one hand, feed-forward visual geometry net-
works [48, 89, 95, 97, 102, 109, 119] have achieved re-
markable progress in globally consistent multi-view geom-
etry estimation, setting new state-of-the-art results on vari-
ous benchmarks [18, 88], including video depth estimation,
3D reconstruction, and camera pose prediction. However,
their typically heavy network architectures limit training
and inference to modest image resolutions (e.g., long side
< 518px) and a small number of input views, which leads
to blurred thin structures and poorly defined object bound-
aries. Several works have adopted post-training accelera-
tion strategies [28, 80, 94] to reduce computational cost and
support more views during inference, yet they do not ad-
dress the loss of high-frequency details or the tendency to-
ward oversmoothed surfaces near edges and small objects.

On the other hand, single-view geometry estimators
[8, 98,99, 110, 111] operate flexibly at high resolution and
produce sharp, detail-rich depth/pointmaps from single im-
ages, yet they lack temporal and multi-view consistency by
design. Attempts to adapt these models to handle videos
[16, 46,49, 53, 57, 108] introduce heavy pipelines, and typ-
ically do not recover accurate camera poses. As a result,
they fail to assemble a globally consistent 3D scene geom-
etry directly from the feed-forward predictions.

Based on this observation, we present DAGE, a Dual-
stream Architecture for efficient and fine-grained Geometry
Estimation that meets the above criteria. It comprises two
parallel streams and a lightweight fusion adapter. The Low-
Resolution (LR) Stream focuses on extracting globally
consistent features and predicting camera poses. It is com-
posed of a ViT backbone followed by a global transformer
with alternating frame-global attention [95, 102], which
processes the entire sequence at a lower spatial resolution.
Although the global transformer is computationally inten-
sive, operating at low resolution keeps it tractable while
preserving global context. The High-Resolution (HR)
Stream is designed to capture high-frequency details and
fine-grained features. It employs a ViT [24] that processes
each image independently at its native resolution. Finally,
our proposed Lightweight Adapter synchronizes and fuses
LR and HR tokens before the dense heads, yielding geome-
try that is both globally consistent and richly detailed.

This decoupled design grants two critical advantages.
First, it achieves global consistency and tractability. By
restricting the computationally-heavy global attention to
the LR stream, we alleviate the quadratic scaling bottle-
neck of global transformers [95, 102]. This significantly
reduces runtime, by 2x and 28 at 540p and 2K reso-
lutions, respectively, enabling our model to process thou-
sands of frames. Second, it preserves high-fidelity detail.
The HR stream operates per-frame, allowing it to scale to

any resolution (e.g., up to 2K) and leverage priors from
state-of-the-art single-image models for sharp detail and
strong real-world generalization. In contrast to standard
pipelines [95, 102, 109, 119] that couple image resolution
with sequence length, DAGE decouples the two, enabling
independent control over spatial detail and multi-view co-

herence, with a tractable runtime (see Fig. 1).

We validate our method and design choices through ex-
tensive experiments. DAGE achieves state-of-the-art per-
formance on video geometry and depth-sharpness bench-
marks, and is competitive on 3D reconstruction and cam-
era pose estimation—while offering higher throughput and
a lower GPU memory footprint. In summary, our technical
contributions are twofold:

* A dual-stream transformer that couples a per-frame,
high-resolution detail path with a multi-view, low-
resolution global-attention path.

* A lightweight Adapter that fuses the two streams to pro-
duce sharp yet globally consistent geometry.

2. Related Work

Single-view Geometry Estimation aims to recover 3D
scene geometry from a single image. Early approaches re-
lied on handcrafted features and probabilistic models [39,
45, 76, 77]. With deep networks, numerous architectures
were proposed [4, 26, 29, 54, 93], yet their generalization
remained limited. The introduction of relative-depth [72]
enabled training on large, mixed datasets, leading to strong
zero-shot performance [5, 8, 36, 40, 70, 110, 111, 117].
However, many such methods require camera intrinsics and
metric scale to recover absolute 3D geometry. Recent work
addresses this by jointly estimating depth and intrinsics
[8, 70, 116]. A complementary line of research regresses
dense 3D pointmaps directly [98, 99], from which depths
and intrinsics can be recovered. Despite impressive single-
image results, these methods typically exhibit temporal jit-
ter and inconsistent scale when applied to videos.

Fine-Grained Geometry Estimation targets predicting
sharper depth/pointmaps with high-frequency detail. Patch-
wise fusion methods [59, 65] enhance local detail by com-
bining per-patch estimates, but often introduce stitching ar-
tifacts at patch boundaries. Another line of work lever-
ages powerful generative priors [71, 75] to produce highly
detailed depth [30, 31, 37, 47, 69]. Depth Anything V2
[111] improves detail via large-scale, high-quality synthetic
data, while DepthPro [8] employs a multi-patch ViT de-
sign [24] to better capture fine structures. MoGe2 [99]
combines synthetic and refined real-world annotations with
a coarse-to-fine loss [98], achieving strong metric accu-
racy and sharp predictions. Concurrently, [107] integrates
foundation-model geometry priors [95, 111] with a cas-
caded DiT [68], yielding pixel-perfect depth. Nonetheless,
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Figure 2. Overview of DAGE. Given a set of unposed RGB images, the model predlcts per-frame pointmaps and camera poses, plus a
scene-wise metric scale. The architecture has two parallel streams: (i) a low-resolution stream (lower part) that processes downsampled
inputs to aggregate global context and regress poses/scene scale; and (ii) a high-resolution stream (upper part) that processes frames
independently at native resolution to preserve fine detail. A lightweight Adapter fuses LR and HR tokens before the dense geometry head.

these methods are predominantly per-image and fail to en-
sure temporal consistency in video setting.

Video-based Geometry Estimation mitigates temporal jit-
ter and scale inconsistency by either stabilize per-frame pre-
dictions with test-time procedures, or leverage video ar-
chitectures. Several works regularize single-image depth
across time using geometric consistency or online refine-
ment [51, 52, 62, 90], or optimize scale/shift to co-align
frames [46]. [13, 17, 53] add temporal heads or video
transformers on top of pretrained single-view models, and
diffusion-based pipelines [7, 38, 112] leverage strong video
priors for temporally consistent depth. Despite impres-
sive performance, diffusion-based methods are compute-
intensive and typically do not recover camera poses.

Visual Geometry Estimation regresses both camera poses
and 3D scene structure from uncalibrated images or video.
Classical STM/MVS pipelines [1, 78, 83, 104], are robust
but require complex, multi-stage optimization. [14, 66,
113] inject motion priors (e.g., optical flow, point tracking)
and then perform bundle adjustment, which reduces manual
engineering but requires per-video optimization. Dust3R
[100] introduced a learning-based alternative that predicts
pointmaps for image pairs in a shared coordinate frame and
stitches multi-view inputs via a global alignment step. Sub-
sequent work improves metric-scale recovery [55], extends
to dynamic scenes [15, 27, 61, 118], and scales multi-view
processing [48, 89, 95,97, 102, 105, 109, 119, 121]. Among
these, VGGT [95] and Pi3 [102] demonstrate state-of-the-
art performance with an alternating global-frame attention
transformers. However, the quadratic cost of global atten-
tion imposes tight token budgets, limiting input resolution
and the number of frames; consequently, predicted depth
often appears blurred and fine structures are smoothed.

In contrast, our dual-stream approach performs feed-
forward global aggregation on LR inputs for efficiency
while preserving HR detail via a per-frame stream, with a

lightweight adapter to fuse these two.

3. Method

3.1. Problem Definition

Given an uncalibrated set of N RGB images Z = {I;}¥,
of a scene, where each I; € RT*WX3  our model aims
to reconstruct the 3D scene geometry by predicting three
components: (1) per-frame pointmaps P = {P;} Y ,, where
P; € REXWX3 represents the 3D coordinates of each pixel
in the local camera coordinate system; (2) camera poses
G = {G;}Y, where G; € SE(3) encodes each camera’s
rotation and translation; and (3) a single global metric scale
factor s € RT.

State-of-the-art feed-forward approaches [95, 102] are
constrained by the high computational cost of global atten-
tion. This typically limits their inputs to modest resolutions
(e.g., 518px on the long side) and short sequences (e.g.,
N < 200). We address this limitation with a dual-stream
architecture designed to produce high-quality, fine-grained
3D geometry and accurate camera poses while supporting
flexible spatial resolutions and long sequences.

Fig. 2 illustrates the overall architecture of our model.
It consists of a low-resolution (LR) stream (Sec.3.2) and
a high-resolution (HR) stream (Sec.3.3), which operate in
parallel and are synchronized through a lightweight adapter
(Sec.3.4), followed by dense prediction heads (Sec.3.5).
The LR stream extracts globally consistent features and es-
timates camera poses, while the HR stream predicts per-
frame pointmaps at the native input resolution. The global
features produced by the LR stream are injected into the
HR stream via the adapter to enhance geometric consistency
across views. Training details are described in Sec.3.6.

3.2. Low-Resolution Stream

The low-resolution stream is responsible for enforcing
global consistency and estimating camera poses. It pro-



(a) Global Transformer (b) Per-frame Adapter

Figure 3. The Global transformer (left) operates on low-
resolution inputs with alternating global and frame-wise atten-
tion; during training, feature distillation compensates for aggres-
sive downsampling. The Adapter (right) stacks cross and self-
attention blocks to fuse multi-view—consistent LR tokens into the
HR stream.
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cesses the entire sequence {I;} at a fixed low resolution
(long side < 252px), Z'". These images are passed through
a global transformer to output LR feature tokens F™ &€
RN XhirxwirxC - Thig global transformer (Fig. 3a) con-
sists of a DINOv2 [67] tokenizer, and alternating blocks
of frame-wise and global self-attention ([FrameAttn —
GlobalAttn]) [95, 102], which is effective for captur-
ing scene-level structure. We do not use dedicated camera
tokens, preserving permutation equivariance [102].

While low-resolution processing ensures tractability,
training the LR stream from scratch often leads to de-
graded camera pose accuracy. To address this, we lever-
age the rich global representations of a pre-trained teacher
model, Pi3 [102], through knowledge distillation. Specif-
ically, the teacher processes a higher-resolution input Zt°?
(capped at 518px to match [95, 102]) and produces features
Ftea ¢ RN*hieaxwieaxC Thege features are then used to
supervise the LR stream via a feature distillation loss:

Las = 1 — sim(py(F™), Fr*) (1
where sim(-,-) is the cosine similarity function, and pg
is a projection network mapping student features to the
teacher’s representation space and spatial dimension.

3.3. High-Resolution Stream

The high-resolution stream processes each frame of the in-
put sequence {I;} independently at its original resolution.
To preserve fine-grained detail and strong zero-shot gen-
eralization capabilities, we adopt MoGe2 [99] as the HR
backbone. This model uses a 24-layer ViT encoder [24] to
extract the HR feature tokens F™* € RN X/ nrXwnrXChr

3.4. Adapter

The adapter (Fig. 3b) is designed to inject global context
from the LR stream into the per-frame HR stream. A naive
solution—such as upsampling LR features via interpolation
and concatenating them with HR features—often introduces
artifacts and fails to capture meaningful cross-view rela-
tions. Alternative approaches, including pixel-shuffle up-
sampling [19, 107] or CNN-based upsampling [87], allevi-
ate such artifacts but rely on a fixed scale factor, which is
too restrictive for inputs that may vary up to 2K resolution.

To overcome these limitations, we adopt a more flexi-
ble cross-attention mechanism that accommodates arbitrary
token counts from both streams. This fusion is followed
by HR self-attention to restore per-frame spatial coherence.
Concretely, for each i-th frame, the fused feature f;fuse is
computed as:

Fimse = CrossAttn(Q = F{"; K,V =F) (2

Fluse — Fhr | MLP(SelfAttn(F)) )

Positional encodings are applied before attention to align
HR patch coordinates with their LR counterparts, sta-
bilizing the cross-scale fusion. = We stack five such
[CrossAttn — SelfAttn] blocks.

We employ Rotary Positional Encodings (RoPE) for
all attention layers, but with different strategies for self-
attention and cross-attention to handle varying resolutions.
Self-Attention: Standard RoPE does not extrapolate well
to spatial dimensions larger than those seen during training,
which can cause distortion on high-resolution inputs [95,
97, 102]. Thus, we adopt the interpolated RoPE [12] tech-
nique. We define a fixed maximum patch length, [™#*. At
both training and inference, we rescale the angular frequen-
cies of the positional encoding to this fixed context size,
which keeps the positional spectrum stable even at very high
resolutions. Cross-Attention: A challenge is the large spa-
tial mismatch between the LR and HR streams (e.g., 252px
vs. 2K). To align them, we “snap” each HR token to its
nearest grid cell in the LR feature map. The HR token then
uses the positional encoding from that corresponding LR
cell. This simple strategy effectively matches patches across
scales and avoids extrapolation, as the LR stream’s spatial
dimensions are always fixed and within the trained bounds.
Concretely, let R(f, m) be the RoPE function applied to to-
ken f at 2D position m. The modified RoPE functions are:

Rselt(fhra mhr) — ]%(fhr7 mhr . lmax/lhr) , (4)
Rcross(fh", rnhr) = R(fhr, sampling (mhr, gridlr)) 5)

where [ is the side length of the HR grid.

Adapter Design Discussion. We investigated various
strategies for fusing the LR and HR tokens, focusing on
where and how to inject the global information. For where
to insert, one approach is to inject intermediate LR features
into each ViT layer of the HR stream. This mitigates scale
drift but fails to enforce cross-view global consistency (see
Sec. 4.6). For how to fuse, we considered alternatives like
concatenation and addition with learnable interpolation. We
find that the best trade-off is a lightweight adapter after the
HR ViT encoder, comprising cross-attention to inject global
context and self-attention to re-calibrate intra-frame coher-
ence (see Sec. 4.6). This strategy preserves the HR stream’s
original feature space at the start of training, allowing the
model to gradually learn to incorporate the multi-view con-
sistent constraints to refine the final geometry.



3.5. Prediction Heads

Dense Geometry. We employ a feature pyramid of con-
volutional layers [99] to gradually upsample the per-patch
features F1s¢ into dense feature maps at the original image
resolution to regress the pointmaps P. This convolutional-
style head yields smoother predictions, avoiding the grid-
like artifacts observed in [102] (see Fig. 5).

Camera Pose. We regress the per-frame camera parame-
ters using the LR features F'". This is done for efficiency,
as camera poses do not require fine-grained features. Fol-
lowing [23, 102], we use average pooling and an MLP
to regress the translation and rotation in a 9D representa-
tion [56].

Metric Scale. We add a metric scale token in the video
transformer, followed by an MLP to predict a single metric
scale factor for each scene.

3.6. Training Details

3.6.1. Training loss

We train the model with a combination of pointmap, cam-
era, scale, normal, gradient, and distillation losses.

Pointmap loss. We predict a per-pixel 3D point p; ; up to
a scene-wide scale. Let norm(-) denote a scene normal-
ization (distance-to-origin) applied to both prediction and
ground truth. We compute a single alignment scale s* using
the ROE solver [98] and supervise with an ¢; loss:

N HxW
s* ng _ pi,j

norm(P)

Eom = NHW - ©
1

i=1 j=1 norm

Unlike uncertainty-weighted objectives used in [95, 100],
we do not attenuate errors with confidences, as we found
this can suppress hard structures and reduce sharpness.

Camera loss. Following [102], we supervise relative cam-
era poses to avoid fixing a global coordinate frame. Let g,,,,
and g, denote predicted and ground-truth pairwise poses
between frames u-th and v-th, the camera loss is defined as:

1

Lecamera = ]V(T Z Ecam guua guv) (7N

u,v=1

utv
where L., comprises L that minimizes the geodesic dis-
tance of the rotation part, and Ly.,s is the £1 loss of the
translation part.

Scale loss. For datasets with metric supervision, we addi-
tionally supervise the predicted metric scale S:

logé — log<s* norm(P))

Escale = =
norm(P)

®)

2

Normal loss. To encourage locally smooth but faithful sur-
faces, we supervise normals computed on-the-fly from the
pointmap via cross products [98]:

N HxXW
Lnormal NHW Zl Zl nz NI ] (9)
? J

where Z(-, ) is the angular difference.

Gradient loss. To improve local geometry, MoGe [98] ap-
plies a multi-scale affine-invariant pointmap loss by sub-
sampling local regions at several scales and aligning each
region to ground truth independently. While this improves
single-image sharpness, we found that per-region indepen-
dent alignments introduce patch-wise degrees of freedom
that break cross-view consistency, leading to seams and
drift—undesirable in our multi-view setting (see Tab. 6b).
Instead, we preserve a single global alignment and encour-
age detail by supervising image gradients of the canonical
inverse depth [8] at multiple scales:
N HxW

Egradlent = NHW Z Z HVd ig— Vdij

where d and d denote ground-truth and predicted canonical
inverse depth, respectively, and V is the Scharr and Laplace
gradient filters.

Due to the sparsity of real-world depth annotations, we
only apply the normal and gradient loss on synthetic data.

, (10)
1

3.6.2. Implementation details

The HR stream uses a frozen 24-layer ViT from
MoGe2 [99]. Since our training corpus is relatively small,
we initialize the LR stream from Pi3 [102] instead of train-
ing from scratch. The adapter comprises five blocks, each
containing a cross-attention and self-attention layer. We
train DAGE on 18 publicly available datasets spanning
indoor/outdoor, static/dynamic scenes. The complete list
of datasets and implementation details are provided in the
supplementary.

4. Experiments

This section compares our method to state-of-the-art ap-
proaches across four tasks to show its effectiveness.

4.1. Video Geometry Estimation

We evaluate on eight datasets spanning diverse condi-
tions—GMU Kitchens [33], ScanNet [20] (indoor RGB-D),
KITTTI [32] (outdoor driving with LiDAR), Sintel [9] and
Monkaa [63] (synthetic with precise depth and challeng-
ing dynamics), and the high-resolution UrbanSyn [34], Un-
realdK [91], and Diode [92]-and resolutions from ~640p
to 2K. Following [98, 108], we report relative point error
Rel? | and inlier ratio 67 71 at a 0.25 threshold, and eval-
uate affine-invariant pointmaps by aligning predictions to
ground truth with a single, shared scale and shift per video.
We compare against single-image methods [8, 98, 99],
video diffusion-based model [108], and set-based visual-
geometry models [95, 97, 102]. For methods that do not



Table 1. Video pointmap evaluation. Results are aligned with the ground truth by optimizing a shared scale and shift factor across the
entire video. “MV/HR/PO” indicate multi-view support, high-resolution input support, and whether the method predicts camera poses. We

mark [best and second-best .

GMU [33] Monkaa [63] Sintel [9] ScanNet [20] KITTI [32] UrbanSyn [34] UnrealdK [91] Diode [92]
Method MYV HR PO|(960 x 512), (960 x 512) (896 x 448), (640 x 512) (768 x 384), (2048 x 1024) (1920 x 1080),(1024 x 768) Rank |
Rel”| 61 |Rel?] 671 [Rel?| 671 |Rel?| 671 [Rel”| 671 |Rel?| 6771 |Rel?] 6P1 [Rel”] 671

DepthPro [8]
MoGe [98]
MoGe?2 [99]

95 939|251 584|408 447| 93 949 | 10.0 949|489 40.1 | 747 12.0 | 324 592 | 79
203 7121229 613|294 598|134 88.0| 80 958|149 87.0 |383 515 |31.8 529 | 74
19.6 724250 57.0|29.8 584|124 894 | 9.0 972|134 900 |329 59.1 |31.0 542 | 638
MoGe2 [99] A 7.1 946|214 676|282 62.8| 7.8 975|105 984 7.2 97.1 | 126 86.7 | 158 84.1 | 4.1
CUT3R [97] v v | 80 937|318 475|358 475| 59 979|145 875|216 686 | 168 79.6 | 179 783 | 6.8
VGGT [95] v V| 54 938|136 844|237 73.1| 29 990 | 75 974|145 873 86 96.1 (133 859 | 34

v

v

SNENENEN

Pi3 [102] V|52 942|116 900 | 220 729| 22 994 | 63 973|168 775 | 195 753 | 92 952 | 33
GeoCrafter [108] A 83 1948 | 157 834|250 693| 83 969 | 5.6 98.8| 125 919 |21.6 745 |125 93.0| 39

DAGE (ours) v v v [TE9Y 942 109107 2157756 21 199550 59 [990] 88 960 | 119 891 | 97 944 |[V1l6

A: partial support.  T: obtained by multiplying per-frame pointmap by predicted metric scale factor.

Input video VGGT Pi3 GeometryCrafter Ours

Figure 4. Visual comparison of video depth on in-the-wild scenes. We convert the depth map to a disparity map for better visualization,
and zoom-in (red bounding boxes) to emphasize details. DAGE preserves sharp boundaries and fine-grained detail—especially for thin
structures and small or distant objects, outperforming a diffusion-based baseline [108].

support high-resolution inference [95, 97, 102, 108], inputs (including scale-invariant, affine-invariant and video depth
are downsampled to the model’s native resolution and out- estimation) are provided in the supplementary.

puts are upsampled to the original size to avoid degenerate . .

predictions. In Tab. 1, DAGE delivers consistently strong 4.2. Sharp Depth Estimation

performance across datasets—achieving state-of-the-art av- We assess depth-boundary sharpness on four syn-
erage rank on Rel” and 6’ —with pronounced gains on high- thetic datasets with high-quality depth annotations
resolution scenarios. We visualize the disparity map of our —Monkaa [63], Sintel [9], UrbanSyn [34], and Un-

approach and other baselines in Fig. 4. Detailed evaluations real4K [91]. Following [8], we report the scale-invariant
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Figure 5. Visual comparison of 3D reconstruction on in-the-wild scenes. Compared to VGGT [95] and Pi3 [102], DAGE achieves
comparable multi-view consistency while preserving markedly finer detail (green boxes).

boundary F17, which compares occlusion contours induced
by neighboring-pixel depth ratios in prediction versus
ground truth. Because F1 does not reflect temporal sta-
bility, we also measure the pseudo depth boundary error
(CppgE J) [69], defined as the Chamfer distance between
prediction and ground-truth at canny-detected edges.
For a fair comparison of sharpness detail, we evaluate
methods at each dataset’s native resolution; models that
run out of memory (e.g., [95, 108]) are downsampled to
the largest feasible resolution. Results in Tab. 2 show that,
among methods producing temporally consistent video
depth [95, 97, 102, 108], DAGE achieves the highest F1 and
the lowest PDBE. While DepthPro [8] attains a higher F1
on some datasets, DAGE yields lower Cppgg—indicating
more temporally consistent boundaries in the video setting.

4.3. Multi-view Reconstruction

Following [97, 102], we evaluate reconstructed multi-view
pointmaps on 7-Scenes [81] and NRGBD [2] under sparse
and dense settings. Predictions are first aligned to ground
truth via Umeyama Sim(3), then refined with ICP. We
report accuracy Acc.|, completeness Comp.|, and nor-
mal consistency NC1 in Tab. 3. Comparisons include re-
cent feed-forward visual-geometry methods [48, 95, 97,
102, 109, 119]. We also assess metric-scale reconstruction
by aligning with rigid transformation SE(3), comparing
against metric-pointmap methods [48, 97]. Across sparse
and dense settings, DAGE matches state-of-the-art perfor-
mance [95, 102] while recovering metric-accurate geome-
try. Fig. 5 shows that our model produces globally consis-
tent pointmaps while preserving fine-grained details.

4.4. Camera Pose Estimation

We evaluate on the synthetic Sintel [9] and two real-world
datasets, TUM-Dynamics [84] and ScanNet [20]. We re-

Table 2. Sharpness depth evaluation.

Monkaa [63], Sintel [9] UrbanSyn [34] UnrealdK [91]
F11 Cppge {|F11 Cppae 4| F11 Cppgg 4| FIT CppaE |

Method

GeoCrafter [108]/0.19. 8.86 (0.28 8.1 |0.08* 33.2* |0.06* 41.4*
CUT3R [97] 0.08 203 |0.11 165 [0.01 440 |0.01 63.1
VGGT [95] 0.14 11.1 (020 9.6 |0.02* 42.0* |0.03* 38.1*
Pi3 [102] 0.14 127 (020 8.1 0.01 279 |0.03 469

DAGE (ours) 029 10.1 |0.34 7.8 |0.09 178 |0.14 33.1

*: Input resolution downscaled to prevent out-of-memory (OOM).

port Absolute Trajectory Error (ATE) and Relative Pose Er-
ror for translation/rotation (RPE/RPER). Predicted cam-
era trajectories are registered to ground truth with a Sim(3)
alignment. We summarize the performance in Tab. 4. No-
tably, we run the LR stream at 252px (long side) to estimate
poses efficiently. Competing methods [95, 97, 102] typi-
cally require 518px to achieve accurate predictions. De-
spite using lower resolution inputs, DAGE matches their
performance at their high-res settings—and outperform
them when evaluated at the same low-res setting.

4.5. Runtime Comparison

Tab. 5 reports the FPS and GPU memory consumption av-
eraged over ten 100-frame videos on a single A100 GPU.
DAGE sustains 65.4 FPS at 540p, which is 2x faster
than Pi3, and remains tractable at 5.6 FPS on 2K, where
global-attention baselines [95, 102] often run out of mem-
ory (OOM). 1t is consistently faster than multi-view meth-
ods [95, 97, 108] and adds only marginal overhead over the
single-view MoGe2 [99]—thanks to the decoupled LR/HR
design that confines heavy global attention to the LR path,
keeping runtime largely insensitive to HR input size.



Table 3. Multi-view reconstruction evaluation. We report the
median values on 3 settings, including sparse, dense, and metric.

Table 6. Ablation studies (a) different adapter design, (b) effect
of each component on the depth sharpness

7-Scenes [81] NRGBD [2]

Method Setting Acc.) Comp.| NCT Acc.l Comp.] NCt
Fast3R [109] 0.065 0.089 0.759(0.091 0.104 0.877
CUT3R [97] 0.049 0.051 0.805[0.041 0.031 0.968
FLARE[119] @& 0.057 0.107 0.780(0.024 0.025 0.988
VGGT [95] § 0.025 0.033 0.845[0.029 0.038 0.981
Pi3 [102] 0.029 0.049 0.841[0.015 0.014 0.992
MapAny [48] 0.053 0.064 0.83 [0.064 0.058 0.946
DAGE (ours) ~ ~ ]0.027 0.042 [0:846/ 0.018 0.016 [0:992
Fast3R [109] 0.017 0.018 0.725[0.030 0.016 0.934
CUT3R [97] 0.010 [ 10.008  0.764 | 0.037 0.017 0.953
FLARE [119] z 0.007° 0.013 0.785[0.011 0.008 0.986
VGGT [95] < [0.008 0.012 0.760|0.010 [0.005 0.988
Pi3 [102] 0.007 0.011 0.792[0.008 0.005 | 0.987
MapAny [48] 0.008 [ 0.008 0.780(0.018 0.010 0.970
DAGE (ours) ~ ~ [01007 0.009 [0:7930.009 0.006 0.985

CUT3R [97]

< .
MapAny [48] S 0.339 0.109 0.639(0.156 0.108 0.910
DAGE (ours) S 0.034 0.041 0.847|0.085 0.101 0.923
Table 4. Camera pose evaluation
Method Sintel [9] TUM-dynamics [84] ScanNet [20]

ATE| RPE7 | RPER| ATE| RPEr| RPER| ATE| RPET| RPER|

Fast3R [109]  0.371 0298 13.75 0.090 0.101 1.425 0.155 0.123 3.491
CUT3R [97] 0.217 0.070 0.636 0.047 0.015 0.451 0.094 0.022 0.629
FLARE [119] 0.207 0.090 3.015 0.026 0.013 0.475 0.064 0.023 0.971
VGGT [95] 0.167 0.062 0.491 [0.012] 0.010 [0311 0.035 0.015 0.382
Pi3 [102] 0.074 0.040 0.282 0.014 0.009 0.312 0.031 0.013 0.347

VGGT (252px) 0.228 0.095 1.03 0.053 0.028 0.652 0.109 0.039 1.357
Pi3 (252px) 0.153 0.088 0.684 0.025 0.019 0.370 0.045 0.017 0.438
DAGE (ours) 0.132 0.051 0.406 0.014 0.010 0.323 [0.031 0.014 0.389

Table 5. Throughput comparison. FPS{ / GPU memory (GB)
measured on 100-frame clips per resolution.

GeoCrafter CUT3R VGGT Pi3 DAGE
FPS Mem. FPS Mem. FPS Mem. FPS Mem. FPS Mem.

540360 3.1 173 272 16.5 30.1 17.3 36.3 17.2 654 10.1
960512 1.7 24.1 203 19.0 2.1 269 3.1 23.1 289 183
2048 x 1024 OOM 45 332 O0OM 02 66.7 56 279

Resolution

T': Methods that do not produce temporally consistent geometry.

4.6. Ablation Study

Ablation on Adapter. We investigate strategies to fuse
multi-view—consistent LR tokens into high-resolution, fine-
grained HR tokens (Tab. 6a). Setting A (post-align): per-
frame MoGe2 [99] with post hoc alignment to a multi-
view—consistent pointmap from a visual-geometry model
(e.g., [102]), termed aligned MoGe2; this improves detail
but leaves layering/stitching artifacts (see Supp.). Setting
B (interp+SA): LR tokens interpolated to the HR grid,
concatenated with HR tokens, then fused via several HR
self-attention layers. Setting C (all-CA): adapter blocks
use cross-attention only, with HR queries attending to LR
keys/values at every block. Setting D (Alter-Adapter): a
cross/self-attention module inserted after each of the last
5 ViT blocks in the HR stream. Overall, the proposed
CrossAttn — SelfAttn adapter, inserted after the HR-stream
ViT, consistently outperforms these variants, reducing arti-

Variant Acc.| Comp.]  Variant F11 Rel? | 671
A: Aligned MoGe2 0.031 0.028 Pi3 [102]+AnyUp [103] 0.09 24.5 67.8
B: Interp+SA 0.030 0.024 Ours ~ — T T T 034 215 75.6
C: All-CA 0.021 0.018 — W/o mono. prior 027 226 735
D: Alter-Adapter  0.023  0.018 — W/o gradientloss ~ 0.31 214 755
Ours ~— ~ ~ 7 0.018 0.0i6 ~ + With local loss 0.30 20.9 75.1

(a) Adapter design (NRGBD [2]) (b) Depth sharpness (Sintel [9])

Table 7. Ablation study on the LR stream resolution

Sintel [9] (pose) Sintel [9] (depth)  NRGBD [2]
ATE| RPEr| RPEg||Rel”] 671 FI11 |Acc.] Comp.]

252px (default) |0.132 0.051 0.406 | 21.5 75.5 0.34[0.018 0.016 | 65.4

Reso. FPST

252px (no distill) | 0.111 "0.057 0.584 | 22.9 73.0 0.35[0.019 0.017 | 654"

336px 0.130 0.042 0.307 | 20.4 76.9 0.35/0.018 0.016 | 46.6
518px 0.117 0.039 0.258 | 19.7 77.7 0.36|0.016 0.016 | 22.5
O O |
- OY O O
Input Pi3 W/o mono. prior Ours

Figure 6. Comparison on disparity quality on Pi3, our variant with-
out monocular prior, and our full model.

facts and improving cross-view coherence.

Ablation on sharpness depth. Tab. 6b ablates the contribu-
tion of the monocular prior [99] and the gradient loss; Fig. 6
shows qualitative results with and without the prior.

Ablation on LR-stream resolution. We vary the LR
stream resolution in Tab. 7. In general, increasing LR res-
olution slightly improves performance but significantly re-
duces the FPS.

5. Conclusion

We introduced DAGE, a dual-stream visual geometry trans-
former. A low-resolution stream efficiently estimates cam-
eras and enforces cross-view consistency, while a high-
resolution stream preserves sharp details; a lightweight
adapter fuses them. This decouples resolution from se-
quence length, supporting 2K inputs and long videos
at practical costs. Empirically, DAGE yields sharper
pointmaps and outperforms prior video geometry meth-
ods. It matches the 3D reconstruction and pose accuracy
of state-of-the-art models [95, 102] while running signif-
icantly faster. Limitations. Performance can drop under
extremely low overlap or rapid non-rigid motion; the HR
path is memory-intensive at very high resolutions; and the
current method does not recover dynamic motion.
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Table 8. Training datasets.

Dataset Name Scene type Metric Real Dynamic

ARK:itScenes [3] Indoor Yes Real Static
ScanNet [20] Indoor Yes Real Static
ScanNet++ [115] Indoor Yes Real Static

TartanAir [101] Mixed Yes Synthetic Dynamic

Waymo [86] Outdoor Yes Real Dynamic
BlendedMVS [114] Mixed No Synthetic Static
HyperSim [74] Indoor Yes Synthetic Static

MVS Synth [41]
GTA-Sfm [96]
MegaDepth [58]
Cco3Dv2 [73]F
WildRGBD [106]}
VirtualKITTI2 [10]

Outdoor No Synthetic Static
Outdoor No Synthetic Static
Outdoor No Real Static
Object-centric No Real Static
Object-centric  Yes Real Static
Outdoor Yes Synthetic Dynamic

Matterport3D [11] Indoor Yes Real Static
BEDLAM [6]F Mixed Yes Synthetic Dynamic
Dynamic Replica [44] Indoor Yes Synthetic Dynamic

PointOdyssey [lZ()]Jr
Spring [64]

Mixed Yes Synthetic Dynamic
Mixed Yes Synthetic Dynamic

t Only a subset of each dataset is used.

6. More Training Details
6.1. Training datasets

We train on 18 datasets spanning indoor, outdoor, and
object-centric scenes, covering both static and dynamic
settings.  The full list appears in Tab. 8.  Follow-
ing [97], we filter scenes with ambiguous annotations in
PointOdyssey [120], and remove scenes with panorama
backgrounds and zoom-in/out effect in BEDLAM [6]. For
object-centric datasets [73, 106], we only subsample 40
scenes for each object category.

6.2. Implementation Details

Architecture. For the high-resolution (HR) stream, we ini-
tialize the model with the 24-layer ViT from MoGe2 [99]
and keep these weights frozen throughout training. For the
low-resolution (LR) stream, our training corpus (Sec. 6.1) is
considerably smaller than those used by recent feed-forward
visual-geometry models [48, 95, 102]. Consequently, rather
than training a global video transformer from scratch, we
start from the Pi3 [102] checkpoint, which comprises 36
attention layers with alternating frame-wise and global at-
tention. The adapter contains five blocks; each block con-
sists of one cross-attention layer, one self-attention layer,

and an MLP. We train the adapter from scratch and zero-
initialize its final projection to avoid destabilizing the frozen
HR features at the start of training. For dense geometry,
the pointmap head is implemented as a stack of residual
convolutional blocks with transposed convolutions that pro-
gressively upsample from patch resolution (hp, X wp, =
H/14 x W/14) to the original image resolution (H x W).
Camera poses and the scene-wise metric scale factor are
predicted with a two-layer MLP. For distillation during
training, we use a 2-layer MLP and pixel shuffle to project
FI to the teacher spatial resolution.

Training loss. We set the weight for each loss as follow:
Apm = 1.0, Acam = 0.1, Agrans = 100.0, Aoy = 1.0,
Ascale = 1.0, Anormal = 1.0, )\gradient = 0.1, Agistin = 0.5.

Optimization. We train our model in two stages. Stage
I targets low—medium resolutions with longer clips; Stage
2 fine-tunes on high-resolution inputs with short clips.
Both stages use AdamW [60] optimizer with a OneCy-
cleLR schedule. In Stage 1 (30,000 steps), we set a base
LR of 1 x 10~ for the adapter and dense heads, and
1 x 1072 (10x lower) for the global transformer initial-
ized from Pi3. In Stage 2 (10,000 steps), we freeze the
global transformer and fine-tune only the adapter and heads
at 1 x 1072, To keep training efficient, we use FlashAtten-
tion [21, 22], bfloat 16 mixed precision, gradient check-
pointing, and gradient accumulation. With this setup, train-
ing takes roughly five days on 16 x A100-80GB GPUs.

Augmentation and sampling. We extend the MoGe [98]
augmentation pipeline to the multi-view setting and adopt
stage-specific regimes. Stage I (long sequence): we sam-
ple 2-24 frames per clip and constrain the total pixels to
[1.0 x 10°, 2.55 x 10°], thereby enabling a large per-GPU
batch of 48 images; we apply distillation only in this stage.
Stage 2 (high resolution): we sample just 2—4 frames per
clip, set the total pixels to [2.7 x 107, 9.0 x 10°] (roughly
518x518-952x952 for 14-px patches), vary the aspect ra-
tio within [0.5, 2.0], and use 24 images per GPU.

7. More Evaluation Details

This section details the datasets and metrics used in our ex-
periments.

7.1. Video geometry estimation.

Datasets. Following GeometryCrafter [108], we configure
each test dataset as follows:



¢ GMU Kitchens [33]: We use all scenarios, extract 110
frames per sequence with a stride of 2, and downsample
the 1920p videos and depth maps to 960 x 512.

e Monkaa [63]: We select 9 scenes and truncate each se-
quence to 110 frames at the native resolution of 960 x 512.

* Sintel [9]: We use all training sequences (21-50 frames)
and crop from 1024 x 436 to 896 x 448.

e ScanNet [20]: We evaluate 100 test scenes with 90
frames per video (stride 3), and center-crop each frame
to 640 x 512.

o KITTI [32]: We use all sequences from the depth-
annotated validation split; for longer videos we keep the
first 110 frames (yielding 13 videos with 67—110 frames),
and center-crop to 768 x 384.

e Diode [92]: We use all 771 validation images at the de-
fault resolution of 1024 x 768.

In addition, we prepare two high-resolution evaluation sets:

e UrbanSyn [34]: We sample ten clips of 100 frames each
from the original 7000-frame sequences and keep the res-
olution at 2048 x 1024.

e UnrealdK [91]: We use all nine scenes, keep the first 100
frames per scene, and downsample to 1920 x 1080.

Metrics. For the pointmap estimation, we report the
mean relative point error Rel” |= ||p — p||2/|lp|l2 and
the inlier ratio 0P 1, where a point is an inlier if ||p —
pll2/ min(||pll2, |Pll2) < 7 (with 7=0.25), averaged over
valid pixels. Similarly, we leverage Rel? | and 67 1 for
depth estimation.

7.2. Video sharpness depth.

Datasets. We evaluate depth-boundary sharpness on
four synthetic datasets—Monkaa [63], Sintel [9], Urban-
Syn [34], and Unreal4K [91].

Metrics. We use the F1f edge metric from DepthPro [8].
For each pair of neighboring pixels, we mark an occluding
contour when the depth ratio exceeds a predefined thresh-
old. Applying this to both prediction and ground truth
yields two contour maps. Precision is the fraction of pre-
dicted contour pairs that are also contours in the ground
truth, and recall is the fraction of ground-truth contour pairs
recovered by the prediction. The F1 score is the harmonic
mean of precision and recall. We report the F1 averaged
over multiple thresholds. This metric requires no ground-
truth edge maps and is easily computed wherever dense
depth annotations are available (e.g., synthetic data).

To further assess boundary sharpness, we adopt the Depth
Boundary Error (DBE) from iBims [50] and use its pseudo
variant (PDBE) for datasets without depth—edge annota-
tions (following [69]). Concretely, we run Canny edge
detection on both predicted and ground-truth depth maps
to obtain edge sets, then compute the iBims accuracy and
completeness terms. The accuracy term penalizes predicted

edges that are far from any ground-truth edge, while the
completeness term penalizes ground-truth edges not recov-
ered by the prediction. Finally, we report the chamfer dis-
tance CppBe |, Which is the average of accuracy and com-
pleteness.

7.3. Multi-view reconstruction.

Datasets. We evaluate 3D pointmap reconstruction on 7-
Scenes [81] and NRGBD [2] under both sparse and dense
view protocols. For sparse views, we sample keyframes ev-
ery 200 frames on 7-Scenes and every 500 on NRGBD; for
dense views, the strides are 40 and 100, respectively.

Metrics. We employ the Accuracy (Accl): mean nearest-
neighbor distance from each predicted point to the ground
truth, Completion (Comp]): mean nearest-neighbor dis-
tance from each ground-truth point to the reconstruction,
and Normal Consistency (NCT): mean absolute dot product
of ground truth and predicted normals (computed on the fly
using Open3D library).

7.4. Camera pose estimation.

Datasets. We evaluate on Sintel [9], TUM-Dynamics [84],
and ScanNet [20]. For Sintel, we follow [14, 118], ex-
cluding static scenes and those with perfectly straight cam-
era motion, leaving 14 sequences. For TUM-Dynamics and
ScanNet, we use the first 90 frames with a temporal stride
of 3.

Metrics. Following [97, 102, 118], we report Absolute Tra-
jectory Error (ATE|) and Relative Pose Error for translation
and rotation (RPEr | / RPER |). Predicted trajectories are
first aligned to ground truth with a single Sim(3) transform
(global scale, rotation, translation). ATE is the root-mean-
square discrepancy between aligned and ground-truth cam-
era positions over the entire sequence. RPE7 is the transla-
tion error over a certain distance, and RPEy, is the rotation
error over a certain degree; both are averaged over all pose
pairs.

8. More Results

8.1. Video geometry estimation

We evaluate video geometry estimation under four other
settings. First, for scale-invariant video pointmaps, we
align predictions to ground truth with a single per-video
scale and report results in Tab. 9. Second, for video depth,
we follow standard practice and report both affine-invariant
results—per-frame scale + shift alignment—in Tab. 10, and
scale-invariant results—single per-video scale—in Tab. 11.
Finally, we assess metric-scale video pointmaps with no
alignment (direct comparison in the dataset’s metric units);
see Tab. 12. For the metric setting, we compare against



Table 9. Scale-invariant video pointmap evaluation. Results are aligned with the ground truth by optimizing a shared scale factor across
the entire video. We mark [best and second-best .

GMU [33] Monkaa [63] Sintel [9] ScanNet [20] KITTI [32] UrbanSyn [34] UnrealdK [91] Diode [92]
Rel? | 671 Rel? | 6”1 Rel?] 61 Rel?] 6”1 Rel?] 6°1 Rel?] 61 Rel?] 671 Rel?] 671

DepthPro [8] 10.5 92.7) 279 512 | 55.0 37.5| 9.3 95.0 | 11.7 93.6] 22.5 61.1 | 96.1 12 | 303 581 7.6

Rank
Method ank |

MoGe [98] 214 69.0| 27.7 583|295 59.8/ 13.4 882 | 86 956|134 899 |34.0 557 | 303 53.4 69
MoGe2 [99] 19.7 72.1| 30.8 51.1 | 343 47.7) 127 894 | 11.7 969| 123 91.7 | 30.1 623 | 295 554 7.0
MoGe2 [99]" 7.1 94.6 258 60.2 |33.1 52.1| 7.8 975|105 984| 6.5 972 | 89 921 | 158 84.1| 3.9
CUT3R [97] 82 93.6| 349 459|429 358 6.5 98.0 | 16.0 88.1| 579 140 | 175 783 |17.2 81.6/ 69
VGGT [95] 5.6 93.8] 16.0 80.4 | 26.7 65.8/ 3.1 99.0| 84 973|185 750 | 87 965 | 13.6 80.2| 3.6
Pi3 [102] 54 942] 12.6 1902 | 29.6 62.5| 24 994 | 9.2 90.8| 10.7 938 | 172 754 [ 9.0 96.1| 3.1

GeoCrafter [108]| 8.4 94.5| 20.7 739 | 30.2 57.8] 89 964 | 64 98.8| 11.3 953 | 21.0 735 | 13.0 92.8| 4.1

DAGE (ours) 50 942/ 113 88.1 [266 662 24 995 | 7.3 99.0| 7.9 966 | 92 929 | 10.0 944 1.7

Table 10. Affine-invariant video depthmap evaluation. Results are aligned with the ground truth by optimizing a shared scale and shift
factor across the entire video. We mark |best and second-best .

GMU [33] Monkaa [63] Sintel [9] ScanNet [20] KITTI [32] UrbanSyn [34] UnrealdK [91] Diode [92]
Rel?| 691 Rel?| 61 Rel?] 61 Rel?] 691 Rel?] 691 Rel?|l 691 Rel?] 6§91 Rel?| 691

DepthPro [8] 8.8 93.0/ 233 55.8 | 36.1 49.5| 8.1 94.6 | 11.7 93.6| 51.3 383 |105.0 20.0 | 31.0 58.8 8.0

Rank
Method ank |

MoGe [98] 19.9 66.5| 199 63.6 | 26.5 60.0| 125 859 | 7.6 942|152 82.1 | 387 462 |313 482 7.6
MoGe2 [99] 19.0 68.9| 20.8 60.8 | 26.4 599| 12.1 869 | 6.7 96.7| 13.8 854 |33.6 528 |29.5 50.4| 6.8
MoGe2 [99]* 6.6 93.8/ 180 68.1 | 250 63.8] 6.4 968 | 52 983| 7.7 964 | 120 883 | 14.7 80.7| 3.8
CUT3R [97] 7.3 929|280 499 | 319 50.5] 54 974|102 89.1| 48.6 36.7 | 154 79.7 | 16.0 784| 6.8
VGGT [95] 52 932} 123 805|222 704| 27 98.7 | 47 972|139 845 82 943 | 124 852 35
Pi3 [102] 49 935) 82 914|202 71.7 20 993 | 3.0 99.1| 160 788 | 183 78.6 | 86 929 2.7

GeoCrafter [108]| 7.7 94.1] 134 793 | 214 70.6| 7.3 96.1 | 5.0 98.5| 122 903 |20.7 722 | 9.1 93@ 39
8.7 9250 1.9

DAGE (ours) 48 935 95 872|195 744| 2.1 (994 | 32 988| 77 958 | 121 88.1

methods capable of predicting metric geometry, including
CUT3R [97] and MapAnything [48].

8.3. Camera pose estimation

We additionally report the predicted camera poses on

We additionally evaluate feed-forward visual-geometry
approaches at each dataset’s native resolution (540p—2K).
As reported in Tab. 13, performance degrades steadily with
increasing resolution; at the highest, far beyond training
scales (e.g. Urbansyn and Unreak4k datasets), most meth-
ods collapse except ours.

8.2. Single-image geometry estimation

Following [98, 99], we evaluate the single-image ge-
ometry estimation on eight different datasets, including
NYUv2 [82], KITTI [32], ETH3D [79], iBims-1 [50],
GSO [25], Sintel [9], DDAD [35], DIODE [92], HAM-
MER [43]. The results are summaried in Tab. 14, validating
that our dual-stream design preserves single-image quality
compared to single-image based methods like DepthPro [8],
MoGE [98, 99].

RealEstate 10K and CO3Dv2 datasets. We report the Rel-
ative Rotation Accuracy (RRA) and Relative Translation
Accuracy (RTA) at a given threshold, and the Area Un-
der the Curve (AUC) of the min(RRA,RTA) threshold
curve. Tab. 15 shows that DAGE remains competitive with
Pi3 [102] and VGGT [95], even while operating at a lower
resolution.

8.4. More ablation studies

Low-resolution stream architecture. We perform an ab-
lation study of the global module in our LR stream. Specif-
ically, in addition to the global transformer with alternative
frame/global attention, we ablate with two other design: (1)
transformer-based recurrent network [97] and (2) temporal
Mamba network [17]. Results in Tab. 16a show that the al-
ternating global-attention transformer consistently outper-



Table 11. Scale-invariant video depthmap evaluation. Results are aligned with the ground truth by optimizing a shared scale factor
across the entire video. We mark 'best and second-best .

GMU [33] Monkaa [63] Sintel [9] ScanNet [20] KITTI [32] UrbanSyn [34] UnrealdK [91] Diode [92]

Method Rel?| 671 Rel?| 671 Rel?| 591 Rel’| 894 Rel®| 691 Rell] &9+ Reld| 51 Reld|git Ramkd
DepthPro [8] 94 92.1| 267 459 |53.6 353 88 929 | 82 925222 402 | 960 1.1 |[293 564 7.9
MoGe [98] 20.7 64.7| 255 54.8 | 31.4 489|133 850 | 7.7 94.1| 13.1 863 | 347 498 |29.8 482 7.6
MoGe2 [99] 19.5 67.1] 27.1 51.6 | 312 477 120 865 | 72 96.7| 12.0 888 |307 566 | 285 50.7| 6.9
MoGe2 [99]* 6.7 938 219 604 [30.1 519 7.1 959 | 56 98.3[760 968" 8.7 910 | 147 80.7] 3.7
CUT3R [97] 79 92.6]33.0 383|373 424| 58 970|113 86.8/ 222 63.1 | 168 79.6 | 15.6 80.0| 6.7
VGGT [95] 52 930 144 773 [258%62.1) 2.8 98.6 | 53 96.7| 183 733 [MRRNGETT| 134 79.2| 3.6
Pi3 [102] 49 9340108778897 28.4 60.6/"20 993 MBI 95 925 | 166 750 ['87055 23
GeoCrafter [108]| 8.1 93.8/ 18.1 71.1 | 27.1 58.7| 7.9 955 | 5.1 984|11.0 924 |21.1 709 | 10.0 92.4| 4.1
DAGE (ours) ['47793.4| 11.5 855|256 648 22 994" 33 988 7.9 959 [ 87 903 | 9.9 94.0[719

Table 12. Metric video pointmap evaluation. Predicted pointmaps are directly compared with ground truth.

GMU [33] ScanNet [20] KITTI [32] UrbanSyn [34] Diode [92]

Method Rel?| 6771 Rel?| 671 Rel?] 671 Rel?] 671 | Rel?| 6P1
CUT3R [97] 13.5 90.7| 9.1 952 | 342 14.6| 154 844 | 316 472
MapAny [48] | 22.6 63.4| 352 285 | 29.1 263| 285 373 | 338 31.8
DAGE (ours) | 75 953| 25 995 | 12.0 98.3| 83 96.5 129 875

forms both variants, reflecting stronger multi-view aggre-
gation and more reliable cross-view consistency.

RoPE design in the adapter. We ablate rotary positional
encodings (RoPE) in the adapter in Tabs. 16b and 16c¢. For
self-attention (Tab. 16b), standard RoPE [85] is ineffective
at high resolutions (e.g., UrbanSyn dataset), whereas inter-
polated RoPE improves performance. For cross-attention
(Tab. 16c¢), adding RoPE alongside our alignment (‘“‘snap-
ping”) further boosts results.

8.5. More qualitative results

Interactive viewer (highly
The supplementary contains an HTML  page
(webpage/index.html) with side-by-side videos
of predicted depth and reconstructed 3D pointmaps.

Fig. 7 shows qualitative 3D pointmap reconstructions
on in-the-wild scenes spanning static/dynamic motion, in-
door/outdoor settings, and object-centric versus scene-level
compositions.

Figs. 8, 9, 10 compare our video depth to recent state-of-
the-art methods [95, 102, 108], highlighting sharper bound-
aries and stronger temporal stability.

Fig. 11 visualizes depth-edge maps—the contours ob-
tained by thresholding neighboring-pixel depth changes.
Compared to baselines [95, 102, 108], our results capture
thin structures and small or distant objects more reliably.

recommended).

Fig. 12 compares 3D pointmaps from DAGE to an
aligned-MoGe?2 baseline. In Tab. 6 (Sec. 4.6), we define
Setting A: run MoGe2 [99] per frame and post hoc align
each predicted pointmap to a globally consistent pointmap
from Pi3 [102]. This simple alignment recovers fine detail
and enforces a shared scale, but—as the figure shows—still
produces layering/stitching artifacts because depth is esti-
mated independently per frame without strong cross-view
coupling.

Fig. 13 visualizes 3D pointmaps reconstructed from
2K inputs. DAGE runs substantially faster—especially
on longer clips—while producing more plausible, multi-
view—consistent reconstructions. In contrast, global-
attention baselines [95, 102] either run out of memory or
degrade at this resolution.

9. High-resolution inference analysis of visual-
geometry models

We analyze how pretrained feed-forward visual-geometry
models [95, 102] behave when evaluated well beyond their
training resolution (up to 2K on the long side).

Single-image stress test. We resize single-image inputs to
several resolutions (e.g., 540p, 1080p, and 2K) and run the
public checkpoints of VGGT [95] and Pi3 [102] without
any architectural changes. We visualize depth maps and
corresponding 3D pointmaps (VGGT in Fig. 14a, Pi3 in



Table 13. Affine-invariant video pointmap evaluation at native resolution. Predictions are aligned to ground truth by optimizing a
single scale and shift across the entire video.

GMU [33] Monkaa [63]

Sintel [9] ScanNet [20] KITTI [32] UrbanSyn [34] UnrealdK [91] Diode [92]

Method (960 x 512), (960 x 512) (896 x 448), (640 x 512) (768 x 384), (2048 x 1024) (1920 x 1080),(1024 x 768)

Rel?| 691 [Rel?] 6771 |Rel?] 691 |Rel?l 691 |Rel?] 691 [Rel?| 691 |Rel?| 691 |Rel®] &% ‘
CUT3R [97] | 22.0 67.9|30.9 51.0 | 38.9 40.9| 70 979 [ 132 887|567 139 |71.6 56 |31.1 526
VGGT[95] | 159 91.4|17.7 81.6|28.7 638 45 99.1 | 7.8 97.5/00M OOM |[OOM OOM | 20.5 76.3
Pi3 [102] 6.2 922|126 889|217 729| 22 995| 59 97.5(559 147 |542 17.1 | 139 872
DAGE (ours)| 49 942]10.1 910|215 756| 21 995| 59 99.0| 88 960 | 11.9 89.1 | 9.7 944

Table 14. Single-image geometry evaluation. Results are aligned with the ground truth by optimizing a scale and shift factor for each

image. We mark |best| and second-best .

NYUv2 [82] KITTI [32] ETH3D [79] iBims-1 [50] GSO [25] Sintel [9] DDAD [35] DIODE [92] HAMMER [43] Ran

k
Method Rel¢] 841 Rel?| 641 Rel?| 641 Rel?| 61 Rel?] 691 Rel?] 641 Rel?| 641 Rel?] §¢1 Rel| 4§44 v
DepthPro [8] | 436 97.9| 9.15 90.7| 7.73 94.0| 434 97.4] 3.16 99.7| 19.6 74.5| 144 81.2| 6.28 93.7| 5.31 98.8 3.8
MoGe [98] 3.68 98.3| 4.86 [97.2] 3.57 [99.0| 3.61 973 | 1.14 [100| 16.8 [77.8| 10.5 91.4| 437 96.4| 3.88 98.1 1.8
MoGe2 [99] [3.33 98.4| 647 96.4| 3.89 98.7 | 3.65 98.5| 1.16 100 17.4 77.0/ 10.1 90.3| 5.13 94.9 | 4.19 | 99.1 1.9
DAGE (ours)| 3.34 [98.4| 7.52 94.7{3.49 | 98.0 | 3.70 97.8| 1.26 99.9| 18.9 74.8| 10.7 89.2| 497 94.6 | 3.43 98.6 2.5
Fig. 14b). statistics; the learned global matcher thus overfits to lower-

At ~ 540p, both methods produce plausible geometry.
When the resolution is increased to ~ 1080p, predictions
exhibit shape distortions; at ~ 2K, outputs often collapse
into fragmented or globally inconsistent pointmaps. These
failures are consistent across scenes.

Global-attention behavior (3-view input). To probe fail-
ure modes under high resolution, we evaluate VGGT with
triplets of views (3 frames), not single images. We fix the
number of views to three and vary only the spatial resolu-
tion. Following prior observations that global layers per-
form exhaustive correspondence search [94], we visualize
post-softmax maps for a few query tokens in view 1 and
overlay their responses in the other views (Figs. 15—-17). At
~ 540p, the maps are compact and centered on true cor-
respondences. As resolution increases, attention becomes
diffuse and multi-modal, drifting toward semantically simi-
lar yet geometrically incorrect regions; by 2K it degenerates
into high-entropy responses with no clear matches.

Likely causes. (i) Positional extrapolation: standard ro-
tary/absolute positional parameterizations learned at ~540
px do not extrapolate reliably to much larger token
grids, skewing query—key phases and degrading similar-
ity scores [12]. (ii) Entropy growth: increasing resolution
raises token count without increasing the effective receptive
field, making correspondence sparser per token and increas-
ing attention entropy [42]. (iii) Distribution shift: training
rarely exposes models to high-frequency, high-resolution

res aliasing patterns.

From our experiments, we find that naively scaling
input resolution is unreliable for current global-attention
pipelines: at 1K-2K, pretrained models often exhibit
correspondence collapse—diffuse attention and distorted
depth/pointmaps—TIikely due to positional-encoding extrap-
olation and distribution shifts. Therefore, in our proposed
DAGE, we amortize global aggregation at low resolution
and fuse it into a per-frame high-resolution path; this pre-
serves detail at 2K while keeping memory and runtime prac-
tical. Furthermore, to stabilize high-res inference, we adopt
resolution-aware positional encodings (interpolated RoPE),
explicit cross-scale alignment (snapping HR token coordi-
nates to the LR grid for cross-attention), and multi-scale
training that includes high-res regimes.



Table 15. Pose Estimation on RealEstate 10K and Co3Dv2

RealEstate10K Co3Dv2
Method
RRA@301 RTA@301 AUC@301 RRA@301 RTA@301 AUC@30 1
VGGT (518px) 99.97 93.13 77.62 98.64 97.62 91.28
Pi3 (518px) 99.99 95.62 85.90 98.49 97.53 91.39
DAGE (252px) 99.98 95.22 83.12 98.74 97.71 90.71

Table 16. Ablations. (a) LR-stream architectures. (b,c) Positional encodings.

(a) Ablation on different architectures of the LR stream.

GMU [33] Monkaa [63] Sintel [9] ScanNet [20] KITTI [32] UrbanSyn [34] UnrealdK [91] Diode [92]
Method Rel? | 6P 1 Rel?| 6P1 Rel?| 6°1 Rel?] 671 Rel?| 6771 Rel?] 6P1 Rel?| 671 Rel?] 671

MoGe?2 19.6 72.4| 25.0 57.0 | 29.8 58.4| 124 894 | 9.0 972|134 90.0 | 329 59.1 | 31.0 542

Mamba 84 935|178 77.1 | 27.7 63.5| 7.0 97.1 [[59798.1| 10.1 91.0 | 240 60.0 | 25.1 66.5
Trans. RNN | 6.7 944 222 688 | 279 645/ 49 988 | 7.6 982 93 939 | 157 800 | 17.3 81.6
Global Trans.| 4.9 94.2[10.1 910 | 21.5 75.6f 2.1 995 | 59 99.00 88 960 | 119 89.1 | 9.7 944

(b) Effect of RoPE in the self-attention.

Monkaa [63] UrbanSyn [34]

Positional Embedding Rel”| 671 Rel’| 674
None 11.0 899 10.1 93.9
RoPE 9.7 921 103 93.5

Interp. RoPE (ours) 10.1  91.0 8.8 96.0

(c) Effect of RoPE in the cross-attention.

Monkaa [63] UrbanSyn [34]
Rel?| 61 Rel?] 671

None 107 911 9.6 95.1
“Snap” RoPE (ours) 10.1  91.0 8.8 96.0

Positional Embedding




Figure 7. Visualization of 3D pointmap reconstruction on in-the-wild scenarios.
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Figure 8. Visualization of video depth estimation. We compare our video depth prediction with VGGT [95], Pi3 [102], and
GeoemtryCrafter [108]. DAGE demonstrates more sharp and fine-grained predictions.
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Figure 9. Visualization of video depth estimation. We compare our video depth prediction with VGGT [95], Pi3 [102], and
GeoemtryCrafter [108]. DAGE demonstrates more sharp and fine-grained predictions.
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Figure 10. Visualization of depth estimation on static scenes.
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Figure 11. Visualization of predicted depth edge maps, which are defined by a depth ratio between neighboring pixels above a threshold.
We zoom-in the edge map details in the red bounding boxes.
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Figure 12. Predicted 3D pointmaps of the aligned MoGe2 baseline and our method. The aligned MoGe2 baseline exhibits layering
artifacts (green boxes) due to the lack of strong multi-view binding.
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Figure 13. Visualization of 3D reconstruction with high-resolution inputs.
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(a) High-resolution single-image inference of VGGT [95]
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(b) High-resolution single-image inference of Pi3 [102]

Figure 14. Qualitative results for high-resolution single-image inference: (a) VGGT [95] and (b) Pi3 [102].
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Figure 15. Attention map of the 15th global-attention layer of VGGT [95] at different input resolutions. The query token in the first image

is marked with a blue star.
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Figure 16. Attention map of the 15th global-attention layer of VGGT [95] at different input resolutions. The query token in the first image

is marked with a blue star.
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Figure 17. Attention map of the 15th global-attention layer of VGGT [95] at different input resolutions. The query token in the first image

is marked with a blue star.
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