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Table 1. Training datasets.

Dataset Name Scene type Metric Real Dynamic

ARKitScenes [2] Indoor Yes Real Static
ScanNet [11] Indoor Yes Real Static
ScanNet++ [51] Indoor Yes Real Static
TartanAir [46] Mixed Yes Synthetic Dynamic
Waymo [37] Outdoor Yes Real Dynamic
BlendedMVS [50] Mixed No Synthetic Static
HyperSim [31] Indoor Yes Synthetic Static
MVS Synth [19] Outdoor No Synthetic Static
GTA-Sfm [42] Outdoor No Synthetic Static
MegaDepth [25] Outdoor No Real Static
CO3Dv2 [30]† Object-centric No Real Static
WildRGBD [48]† Object-centric Yes Real Static
VirtualKITTI2 [6] Outdoor Yes Synthetic Dynamic
Matterport3D [7] Indoor Yes Real Static
BEDLAM [3]† Mixed Yes Synthetic Dynamic
Dynamic Replica [22] Indoor Yes Synthetic Dynamic
PointOdyssey [53]† Mixed Yes Synthetic Dynamic
Spring [28] Mixed Yes Synthetic Dynamic

† Only a subset of each dataset is used.

1. More Training Details

1.1. 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. 1. Follow-
ing [43], we filter scenes with ambiguous annotations
in PointOdyssey [53], and remove scenes with panorama
backgrounds and zoom-in/out effect in BEDLAM [3]. For
object-centric datasets [30, 48], we only subsample 40
scenes for each object category.

1.2. Implementation Details

Architecture. For the high-resolution (HR) stream, we ini-
tialize the model with the 24-layer ViT from MoGe2 [45]
and keep these weights frozen throughout training. For the
low-resolution (LR) stream, our training corpus (Sec. 1.1) is
considerably smaller than those used by recent feed-forward
visual-geometry models [23, 41, 47]. Consequently, rather
than training a global video transformer from scratch, we
start from the Pi3 [47] checkpoint, which comprises 36 at-
tention layers with alternating frame-wise and global atten-
tion. 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 (hhr × whr =
H/14×W/14) to the original image resolution (H ×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
F lr to the teacher spatial resolution.

Training loss. We set the weight for each loss as follow:
λpm = 1.0, λcam = 0.1, λtrans = 100.0, λrot = 1.0,
λscale = 1.0, λnormal = 1.0, λgradient = 0.1, λdistill = 0.5.

Optimization. We train our model in two stages. Stage
1 targets low–medium resolutions with longer clips; Stage
2 fine-tunes on high-resolution inputs with short clips.
Both stages use AdamW [26] optimizer with a OneCy-
cleLR schedule. In Stage 1 (30,000 steps), we set a base
LR of 1 × 10−4 for the adapter and dense heads, and
1 × 10−5 (10× 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× 10−5. To keep training efficient, we use FlashAtten-
tion [12, 13], bfloat16 mixed precision, gradient check-
pointing, and gradient accumulation. With this setup, train-
ing takes roughly five days on 16×A100-80GB GPUs.

Augmentation and sampling. We extend the MoGe [44]
augmentation pipeline to the multi-view setting and adopt
stage-specific regimes. Stage 1 (long sequence): we sam-
ple 2–24 frames per clip and constrain the total pixels to
[1.0 × 105, 2.55 × 105], 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 × 105, 9.0 × 105] (roughly
518×518–952×952 for 14-px patches), vary the aspect ra-
tio within [0.5, 2.0], and use 24 images per GPU.

2. More Evaluation Details

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

2.1. Video geometry estimation.

Datasets. Following GeometryCrafter [49], we configure
each test dataset as follows:



• GMU Kitchens [16]: We use all scenarios, extract 110
frames per sequence with a stride of 2, and downsample
the 1920p videos and depth maps to 960× 512.

• Monkaa [27]: We select 9 scenes and truncate each se-
quence to 110 frames at the native resolution of 960×512.

• Sintel [5]: We use all training sequences (21–50 frames)
and crop from 1024× 436 to 896× 448.

• ScanNet [11]: We evaluate 100 test scenes with 90
frames per video (stride 3), and center-crop each frame
to 640× 512.

• KITTI [15]: 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× 384.

• Diode [39]: We use all 771 validation images at the de-
fault resolution of 1024× 768.

In addition, we prepare two high-resolution evaluation sets:
• UrbanSyn [17]: We sample ten clips of 100 frames each

from the original 7000-frame sequences and keep the res-
olution at 2048× 1024.

• Unreal4K [38]: We use all nine scenes, keep the first 100
frames per scene, and downsample to 1920× 1080.

Metrics. For the pointmap estimation, we report the
mean relative point error Relp ↓= ∥p̂ − p∥2/∥p∥2 and
the inlier ratio δp ↑, where a point is an inlier if ∥p̂ −
p∥2/min(∥p∥2, ∥p̂∥2) < τ (with τ=0.25), averaged over
valid pixels. Similarly, we leverage Reld ↓ and δd ↑ for
depth estimation.

2.2. Video sharpness depth.

Datasets. We evaluate depth–boundary sharpness on
four synthetic datasets—Monkaa [27], Sintel [5], Urban-
Syn [17], and Unreal4K [38].

Metrics. We use the F1↑ edge metric from DepthPro [4].
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 [24] and use its pseudo
variant (PDBE) for datasets without depth–edge annota-
tions (following [29]). 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 CPDBE ↓, which is the average of accuracy and com-
pleteness.

2.3. Multi-view reconstruction.

Datasets. We evaluate 3D pointmap reconstruction on 7-
Scenes [33] and NRGBD [1] 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 (Acc↓): 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 (NC↑): mean absolute dot product
of ground truth and predicted normals (computed on the fly
using Open3D library).

2.4. Camera pose estimation.

Datasets. We evaluate on Sintel [5], TUM-Dynamics [35],
and ScanNet [11]. For Sintel, we follow [9, 52], excluding
static scenes and those with perfectly straight camera mo-
tion, leaving 14 sequences. For TUM-Dynamics and Scan-
Net, we use the first 90 frames with a temporal stride of 3.

Metrics. Following [43, 47, 52], we report Absolute Tra-
jectory Error (ATE↓) and Relative Pose Error for translation
and rotation (RPET ↓ / 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. RPET is the transla-
tion error over a certain distance, and RPER is the rotation
error over a certain degree; both are averaged over all pose
pairs.

3. More Results
3.1. 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. 2. Second, for video depth,
we follow standard practice and report both affine-invariant
results—per-frame scale + shift alignment—in Tab. 3, and
scale-invariant results—single per-video scale—in Tab. 4.
Finally, we assess metric-scale video pointmaps with no
alignment (direct comparison in the dataset’s metric units);
see Tab. 5. For the metric setting, we compare against
methods capable of predicting metric geometry, including
CUT3R [43] and MapAnything [23].



Table 2. 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 .

Method
GMU [16] Monkaa [27] Sintel [5] ScanNet [11] KITTI [15] UrbanSyn [17] Unreal4K [38] Diode [39]

Rank ↓
Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑

DepthPro [4] 10.5 92.7 27.9 51.2 55.0 37.5 9.3 95.0 11.7 93.6 22.5 61.1 96.1 1.2 30.3 58.1 7.6
MoGe [44] 21.4 69.0 27.7 58.3 29.5 59.8 13.4 88.2 8.6 95.6 13.4 89.9 34.0 55.7 30.3 53.4 6.9
MoGe2 [45] 19.7 72.1 30.8 51.1 34.3 47.7 12.7 89.4 11.7 96.9 12.3 91.7 30.1 62.3 29.5 55.4 7.0
MoGe2 [45]† 7.1 94.6 25.8 60.2 33.1 52.1 7.8 97.5 10.5 98.4 6.5 97.2 8.9 92.1 15.8 84.1 3.9
CUT3R [43] 8.2 93.6 34.9 45.9 42.9 35.8 6.5 98.0 16.0 88.1 57.9 14.0 17.5 78.3 17.2 81.6 6.9
VGGT [41] 5.6 93.8 16.0 80.4 26.7 65.8 3.1 99.0 8.4 97.3 18.5 75.0 8.7 96.5 13.6 80.2 3.6
Pi3 [47] 5.4 94.2 12.6 90.2 29.6 62.5 2.4 99.4 9.2 90.8 10.7 93.8 17.2 75.4 9.0 96.1 3.1
GeoCrafter [49] 8.4 94.5 20.7 73.9 30.2 57.8 8.9 96.4 6.4 98.8 11.3 95.3 21.0 73.5 13.0 92.8 4.1
DAGE (ours) 5.0 94.2 11.3 88.1 26.6 66.2 2.4 99.5 7.3 99.0 7.9 96.6 9.2 92.9 10.0 94.4 1.7

Table 3. 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 .

Method
GMU [16] Monkaa [27] Sintel [5] ScanNet [11] KITTI [15] UrbanSyn [17] Unreal4K [38] Diode [39]

Rank ↓
Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑

DepthPro [4] 8.8 93.0 23.3 55.8 36.1 49.5 8.1 94.6 11.7 93.6 51.3 38.3 105.0 20.0 31.0 58.8 8.0
MoGe [44] 19.9 66.5 19.9 63.6 26.5 60.0 12.5 85.9 7.6 94.2 15.2 82.1 38.7 46.2 31.3 48.2 7.6
MoGe2 [45] 19.0 68.9 20.8 60.8 26.4 59.9 12.1 86.9 6.7 96.7 13.8 85.4 33.6 52.8 29.5 50.4 6.8
MoGe2 [45]† 6.6 93.8 18.0 68.1 25.0 63.8 6.4 96.8 5.2 98.3 7.7 96.4 12.0 88.3 14.7 80.7 3.8
CUT3R [43] 7.3 92.9 28.0 49.9 31.9 50.5 5.4 97.4 10.2 89.1 48.6 36.7 15.4 79.7 16.0 78.4 6.8
VGGT [41] 5.2 93.2 12.3 80.5 22.2 70.4 2.7 98.7 4.7 97.2 13.9 84.5 8.2 94.3 12.4 85.2 3.5
Pi3 [47] 4.9 93.5 8.2 91.4 20.2 71.7 2.0 99.3 3.0 99.1 16.0 78.8 18.3 78.6 8.6 92.9 2.7
GeoCrafter [49] 7.7 94.1 13.4 79.3 21.4 70.6 7.3 96.1 5.0 98.5 12.2 90.3 20.7 72.2 9.1 93.4 3.9
DAGE (ours) 4.8 93.5 9.5 87.2 19.5 74.4 2.1 99.4 3.2 98.8 7.7 95.8 12.1 88.1 8.7 92.5 1.9

We additionally evaluate feed-forward visual-geometry
approaches at each dataset’s native resolution (540p–2K).
As reported in Tab. 6, 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.

3.2. Single-image geometry estimation

Following [44, 45], we evaluate the single-image ge-
ometry estimation on eight different datasets, including
NYUv2 [34], KITTI [15], ETH3D [32], iBims-1 [24],
GSO [14], Sintel [5], DDAD [18], DIODE [39], HAM-
MER [21]. The results are summaried in Tab. 7, validating
that our dual-stream design preserves single-image quality
compared to single-image based methods like DepthPro [4],
MoGE [44, 45].

3.3. Camera pose estimation

We additionally report the predicted camera poses on
RealEstate10K and CO3Dv2 datasets. We report the Rela-
tive Rotation Accuracy (RRA) and Relative Translation Ac-
curacy (RTA) at a given threshold, and the Area Under the
Curve (AUC) of the min(RRA,RTA) threshold curve. Tab. 8
shows that DAGE remains competitive with Pi3 [47] and
VGGT [41], even while operating at a lower resolution.

3.4. 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 [43] and (2) temporal
Mamba network [10]. Results in Tab. 9a show that the al-
ternating global-attention transformer consistently outper-
forms both variants, reflecting stronger multi-view aggre-



Table 4. 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 .

Method
GMU [16] Monkaa [27] Sintel [5] ScanNet [11] KITTI [15] UrbanSyn [17] Unreal4K [38] Diode [39]

Rank ↓
Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑

DepthPro [4] 9.4 92.1 26.7 45.9 53.6 35.3 8.8 92.9 8.2 92.5 22.2 40.2 96.0 1.1 29.3 56.4 7.9
MoGe [44] 20.7 64.7 25.5 54.8 31.4 48.9 13.3 85.0 7.7 94.1 13.1 86.3 34.7 49.8 29.8 48.2 7.6
MoGe2 [45] 19.5 67.1 27.1 51.6 31.2 47.7 12.0 86.5 7.2 96.7 12.0 88.8 30.7 56.6 28.5 50.7 6.9
MoGe2 [45]† 6.7 93.8 21.9 60.4 30.1 51.9 7.1 95.9 5.6 98.3 6.0 96.8 8.7 91.0 14.7 80.7 3.7
CUT3R [43] 7.9 92.6 33.0 38.3 37.3 42.4 5.8 97.0 11.3 86.8 22.2 63.1 16.8 79.6 15.6 80.0 6.7
VGGT [41] 5.2 93.0 14.4 77.3 25.3 62.1 2.8 98.6 5.3 96.7 18.3 73.3 8.2 96.1 13.4 79.2 3.6
Pi3 [47] 4.9 93.4 10.8 88.9 28.4 60.6 2.1 99.3 3.1 99.1 9.5 92.5 16.6 75.0 8.7 95.5 2.3
GeoCrafter [49] 8.1 93.8 18.1 71.1 27.1 58.7 7.9 95.5 5.1 98.4 11.0 92.4 21.1 70.9 10.0 92.4 4.1
DAGE (ours) 4.7 93.4 11.5 85.5 25.6 64.8 2.2 99.4 3.3 98.8 7.9 95.9 8.7 90.3 9.9 94.0 1.9

Table 5. Metric video pointmap evaluation. Predicted pointmaps are directly compared with ground truth.

Method
GMU [16] ScanNet [11] KITTI [15] UrbanSyn [17] Diode [39]
Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑

CUT3R [43] 13.5 90.7 9.1 95.2 34.2 14.6 15.4 84.4 31.6 47.2
MapAny [23] 22.6 63.4 35.2 28.5 29.1 26.3 28.5 37.3 33.8 31.8
DAGE (ours) 7.5 95.3 2.5 99.5 12.0 98.3 8.3 96.5 12.9 87.5

gation and more reliable cross-view consistency.

RoPE design in the adapter. We ablate rotary positional
encodings (RoPE) in the adapter in Tabs. 9b and 9c. For
self-attention (Tab. 9b), standard RoPE [36] is ineffective
at high resolutions (e.g., UrbanSyn dataset), whereas inter-
polated RoPE improves performance. For cross-attention
(Tab. 9c), adding RoPE alongside our alignment (“snap-
ping”) further boosts results.

3.5. More qualitative results

Interactive viewer (highly recommended). Our webpage
(github.com/dage-site) contains the interactive 3D viewer
of reconstructed pointmaps and predicted videodepths from
real-world scenarios.

Fig. 1 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. 2, 3, 4 compare our video depth to recent state-of-
the-art methods [41, 47, 49], highlighting sharper bound-
aries and stronger temporal stability.

Fig. 5 visualizes depth-edge maps—the contours ob-
tained by thresholding neighboring-pixel depth changes.
Compared to baselines [41, 47, 49], our results capture thin
structures and small or distant objects more reliably.

Fig. 6 compares 3D pointmaps from DAGE to an

aligned-MoGe2 baseline. In Tab. 6 (Sec. 4.6), we define
Setting A: run MoGe2 [45] per frame and post hoc align
each predicted pointmap to a globally consistent pointmap
from Pi3 [47]. 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. 7 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 [41, 47] either run out of memory or de-
grade at this resolution.

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

We analyze how pretrained feed-forward visual-geometry
models [41, 47] 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 [41] and Pi3 [47] without any
architectural changes. We visualize depth maps and corre-
sponding 3D pointmaps (VGGT in Fig. 8a, Pi3 in Fig. 8b).
At ∼ 540p, both methods produce plausible geometry.

https://ngoductuanlhp.github.io/dage-site/


Table 6. 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.

Method
GMU [16] Monkaa [27] Sintel [5] ScanNet [11] KITTI [15] UrbanSyn [17] Unreal4K [38] Diode [39]

(960× 512) (960× 512) (896× 448) (640× 512) (768× 384) (2048× 1024) (1920× 1080) (1024× 768)
Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑

CUT3R [43] 22.0 67.9 30.9 51.0 38.9 40.9 7.0 97.9 13.2 88.7 56.7 13.9 71.6 5.6 31.1 52.6
VGGT [41] 15.9 91.4 17.7 81.6 28.7 63.8 4.5 99.1 7.8 97.5 OOM OOM OOM OOM 20.5 76.3
Pi3 [47] 6.2 92.2 12.6 88.9 21.7 72.9 2.2 99.5 5.9 97.5 55.9 14.7 54.2 17.1 13.9 87.2
DAGE (ours) 4.9 94.2 10.1 91.0 21.5 75.6 2.1 99.5 5.9 99.0 8.8 96.0 11.9 89.1 9.7 94.4

Table 7. 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 .

Method
NYUv2 [34] KITTI [15] ETH3D [32] iBims-1 [24] GSO [14] Sintel [5] DDAD [18] DIODE [39] HAMMER [21]

Rank ↓
Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑ Reld ↓ δd ↑

DepthPro [4] 4.36 97.9 9.15 90.7 7.73 94.0 4.34 97.4 3.16 99.7 19.6 74.5 14.4 81.2 6.28 93.7 5.31 98.8 3.8
MoGe [44] 3.68 98.3 4.86 97.2 3.57 99.0 3.61 97.3 1.14 100 16.8 77.8 10.5 91.4 4.37 96.4 3.88 98.1 1.8
MoGe2 [45] 3.33 98.4 6.47 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 4.97 94.6 3.43 98.6 2.5

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 [40], we visualize
post-softmax maps for a few query tokens in view 1 and
overlay their responses in the other views (Figs. 9–11). 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
rotary/absolute positional parameterizations learned at ∼
540 px do not extrapolate reliably to much larger token
grids, skewing query–key phases and degrading similarity
scores [8]. (ii) Entropy growth: increasing resolution raises
token count without increasing the effective receptive field,
making correspondence sparser per token and increasing at-
tention entropy [20]. (iii) Distribution shift: training rarely
exposes models to high-frequency, high-resolution statis-
tics; the learned global matcher thus overfits to lower-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—likely 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 8. Pose Estimation on RealEstate10K and Co3Dv2

Method RealEstate10K Co3Dv2

RRA@30 ↑ RTA@30 ↑ AUC@30 ↑ RRA@30 ↑ RTA@30 ↑ AUC@30 ↑

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

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

Method
GMU [16] Monkaa [27] Sintel [5] ScanNet [11] KITTI [15] UrbanSyn [17] Unreal4K [38] Diode [39]
Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑ Relp ↓ δp ↑

MoGe2 19.6 72.4 25.0 57.0 29.8 58.4 12.4 89.4 9.0 97.2 13.4 90.0 32.9 59.1 31.0 54.2
Mamba 8.4 93.5 17.8 77.1 27.7 63.5 7.0 97.1 5.9 98.1 10.1 91.0 24.0 60.0 25.1 66.5
Trans. RNN 6.7 94.4 22.2 68.8 27.9 64.5 4.9 98.8 7.6 98.2 9.3 93.9 15.7 80.0 17.3 81.6
Global Trans. 4.9 94.2 10.1 91.0 21.5 75.6 2.1 99.5 5.9 99.0 8.8 96.0 11.9 89.1 9.7 94.4

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

Positional Embedding
Monkaa [27] UrbanSyn [17]
Relp ↓ δp ↑ Relp ↓ δp ↑

None 11.0 89.9 10.1 93.9
RoPE 9.7 92.1 10.3 93.5
Interp. RoPE (ours) 10.1 91.0 8.8 96.0

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

Positional Embedding
Monkaa [27] UrbanSyn [17]
Relp ↓ δp ↑ Relp ↓ δp ↑

None 10.7 91.1 9.6 95.1
“Snap” RoPE (ours) 10.1 91.0 8.8 96.0



Figure 1. Visualization of 3D pointmap reconstruction on in-the-wild scenarios.
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Figure 2. Visualization of video depth estimation. We compare our video depth prediction with VGGT [41], Pi3 [47], and
GeoemtryCrafter [49]. DAGE demonstrates more sharp and fine-grained predictions.
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Figure 3. Visualization of video depth estimation. We compare our video depth prediction with VGGT [41], Pi3 [47], and
GeoemtryCrafter [49]. DAGE demonstrates more sharp and fine-grained predictions.
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Figure 4. Visualization of depth estimation on static scenes.
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Figure 5. 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.



Aligned MoGe2 OursInput

Figure 6. 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 7. Visualization of 3D reconstruction with high-resolution inputs.
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(a) High-resolution single-image inference of VGGT [41]
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(b) High-resolution single-image inference of Pi3 [47]

Figure 8. Qualitative results for high-resolution single-image inference: (a) VGGT [41] and (b) Pi3 [47].
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Figure 9. Attention map of the 15th global-attention layer of VGGT [41] at different input resolutions. The query token in the first image
is marked with a blue star.
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Figure 10. Attention map of the 15th global-attention layer of VGGT [41] at different input resolutions. The query token in the first image
is marked with a blue star.
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Figure 11. Attention map of the 15th global-attention layer of VGGT [41] at different input resolutions. The query token in the first image
is marked with a blue star.
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