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Table 1. Camera pose estimation on Sintel [2]. Best and sec-
ond best are highlighted within each baseline block, excluding the
baseline row.

Table 4. Point map estimation on NRGBD [1]. Best and sec-
ond best are highlighted within each baseline block, excluding the
baseline row.

Baseline Method ATE| RPEtrans| RPErot] Time(s)]
3 0.073 0.038 0.288 0.960
Faster_m%_25 0.076 0.044 0318 1.020

e Faster_r3_75 0.096 0.071 0.508 0.809
A7%(2) 0.091 0.046 0.304 0.725
A 3(4) 0.127 0.061 0.345 0.687
VGGT 0.169 0.061 0.476 1.348
FastVGGT 0.169 0.072 0.525 1.584

VGGT FasterVGGT-25 0.171 0.063 0.505 1.348
FasterVGGT_75  0.199 0.095 0.847 1.107
AVGGT(2) 0.183 0.068 0.497 1.069
AVGGT(4) 0.199 0.087 0.539 1.006

Table 2. Camera pose estimation on ETH3D [12]. Best and sec-
ond best are highlighted within each baseline block, excluding the
baseline row.

ne Method Racc@5 T Tace@S1 AUC@ST Racc@I5T Tacc@IST AUC@IST Racc@307 Tacc@307 AUC@30T Time(s) |
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Table 3. Camera pose estimation on ScanNet [4]. Best and sec-
ond best are highlighted within each baseline block, excluding the
baseline row.

Baseline Method ATE| RPEtrans| RPErot] Time(s)]
3 0.030 0.013 0.346 5.718
Faster_m3 25 0.030 0.013 0.347 5.175

3 Faster_m3_75 0.038 0.014 0.388 3.204
A7) 0.032 0.013 0.355 2.801
A m3(4) 0.033 0.013 0.365 2.403
VGGT 0.035 0.015 0.376 7.959
FastVGGT 0.036 0.017 0.414 4.923

VGGT FasterVGGT-25  0.035 0.015 0.379 7.238
FasterVGGT.75 0.041 0.018 0.479 4.586
AVGGT(2) 0.036 0.016 0.384 4.376
AVGGT#) 0.036 0.016 0.391 3.755

1. More Analysis

1.1. Analyzing 72 Global Attention

Following the analysis conducted for VGGT [14] in the
main paper, we first briefly introduce the 73 [15] architec-
ture. Given multiple input images, 7° uses a frozen DI-
NOv2 [8] encoder. For each frame, five learnable register
tokens [5] are appended to the patch tokens. All frame to-
kens are then passed through an aggregator composed of
36 transformer blocks that alternate between frame atten-

. Acc. | Comp. | NC. 1 .

Baseline  Method Mean Med. Mean Med. Mean Med. Time (5) 4
s 0.012  0.006 0.013 0.005 0.768 0.870 0.453
Faster_m> 25 0.014 0.008 0.014 0.006 0.749 0.865 0.493

s Faster_m%_75 0.050 0.031 0.028 0.012 0.700 0.848 0.451
Am3(2) 0.019 0.012 0.016 0.007 0.738 0.865 0.411
A_m3(4) 0.028 0.019 0.020 0.009 0.732 0.864 0.398
VGGT 0.013  0.007 0.015 0.006 0.784 0.877 0.619
FastVGGT 0.020 0.012 0.019 0.009 0.597 0.662 1.053

FasterVGGT_25 0.014 0.007 0.016 0.006 0.776 0.875 0.637

VGGT FasterVGGT_75 0.054 0.030 0.050 0.027 0.714 0.851 0.604
AVGGT(2) 0.014 0.007 0.016 0.006 0.781 0.876 0.559
AVGGT(4) 0.015 0.008 0.017 0.006 0.776 0.875 0.555

Table 5. Ablation results of not subsampling Query tokens for
AVGGT on RealEstate 10K [16].

Method AUC@51 AUC@151 AUC@30 1
VGGT 63.176 81.103 88.130
AVGGT(4) 59.583 79.188 87.045
AVGGT(2+Q2Near)  42.565 66.684 78.310
AVGGT(2+Q2GM) 26973 53.198 68.382

Table 6. Ablation results of the subsampling strategy for AVGGT
on RealEstate 10K [16].

Method AUC@51t AUC@l151 AUC@301
AVGGT(2) 61.959 80.443 87.758
AVGGT(2_SIFT) 55.438 77.415 86.034
AVGGT(2_Random) 57.849 78.233 86.441
AVGGT(2_High) 61.220 79.982 87.448
AVGGT(2_Low) 59.622 79.493 87.341
AVGGT(2_Mean) 56.990 77.491 85.886

tion and global attention. After aggregation, all register to-
kens are removed, and the remaining tokens are fed into
the camera and point heads to predict camera poses and
point clouds. Unlike VGGT, 73 discards camera tokens and
adopts a fully permutation-equivariant architecture with re-
spect to the input frames.

We visualize all global attention layers (indices 0-17) in
Fig. 5 and Fig. 6, and analyze four representative layers
(indices 1, 3, 11, and 17). Overall, the observations are
highly consistent with those for VGGT. In the early global
attention layers (indices 0-9), the maximum attention val-
ues are significantly smaller than those in the middle lay-
ers, indicating a more uniform distribution. The top acti-
vated entries reveal two characteristic patterns: in the very
first layers (e.g., layers 0-1), attention is dominated by po-
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Figure 1. Rotation test on highly activated key-token subsets in VGGT. All input views are rotated by 180° and fed through VGGT, and
the outputs are rotated back for visualization. For each layer, we first collect the top 1000 attention entries in both the original and rotated
runs, then select the top 50 entries that share the same query patch (following the ranking in the original run). Arrows start at the query
patch and end at the corresponding key patch.

Table 7. Ablation results of the diagonal preservation for AVGGT on RealEstate10K [16] and 7-Scenes [13].

RealEstate10K (Sparse)

7-Scenes (Dense)

Method
AUC@51 AUC@151T AUC@301T AUC@51 AUC@1517 AUC@307T
AVGGT(2) 61.959 80.443 87.758 26.061 61.951 78.113
AVGGT(2_WithDiagonal) 62.039 80.647 87.926 24.532 60.551 77.247
AVGGT(2_WithMean) 59.427 79.030 86.930 26.227 62.171 78.170
AVGGT(2_SubsampleOnly) 61.908 80.539 87.838 24.539 60.564 77.262
Table 8. Ablation results on RealEstate10K [16] for keeping the 90
first frame tokens in VGGT. —
85
Method AUC@51 AUC@151 AUC@301 2 so0l
AVGGT(2) 61.959 80.443 87.758 9
AVGGT(2_FullySubsample)  60.931 79.962 87.499 2757
AVGGT4) 59.583 79.188 87.045 701
AVGGT(4_FullySubsample) 55.570 76.675 85.446
e 17 18 19 20 21 22 23
Table 9. Ablation results on RealEstate10K [16] for 7. tend

Method AUC@51 AUC@151 AUC@30 1
73 67.186 83.288 89.500
73(G2F) 66.790 83.006 89.313
73(G2M) 63.166 80.593 87.766
A_m3(2) 64.832 82.306 89.008
A m3(4) 58.703 79.350 87.434
A _73(6) 51.780 75.037 84.718
A_T3(9) 40.437 65.927 78.060

sitional embeddings, whereas in layers 2-9, attention fre-
quently focuses on a small and inconsistent subset of key
tokens. These behaviors suggest that the early global atten-
tion layers contribute little to establishing cross-view corre-
spondences.

In the middle global attention layers (indices 10-16), the
attention becomes far more selective, with noticeably larger

Figure 2. Ablation results on RealEstate10K for different VGGT
tena choices.
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Figure 3. Ablation results on RealEstate10K for different w3 tearly
choices.

peak values. The highest responses predominantly corre-
spond either to self-attention on the same patch or to cross-
view patches at the same spatial location, indicating that
these layers are responsible for building cross-view corre-
lations. Finally, the last global attention layer (index 17)
again tends toward a more uniform distribution. However,
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Figure 4. Ablation results on RealEstate 10K for different 7% tcpq
choices.

unlike in VGGT, the top-activated token pairs in this layer
still exhibit clear 3D-related structure. Therefore, in 73, we
consider that the last global attention layer still contributes
to building cross-view correspondences.

1.2. Rotation Test for Early Global Attention Layers

For the early global attention layers in VGGT/73, the atten-
tion matrices exhibit nearly uniform distributions, and the
top activated entries frequently attend to a small subset of
key tokens. To investigate whether this subset encodes any
meaningful 3D or view-consistent information, we conduct
the following test. Instead of directly feeding the original
input images, we rotate all input views by 180° and then
pass them through VGGT. This operation is equivalent to
rotating the camera while keeping the underlying 3D scene
unchanged.

As illustrated in Fig. 1, we first collect the top 1000 at-
tention entries (over all query—key pairs) in both the original
and rotated runs, respectively. We then identify the entries
that share the same query patch token in the two runs and,
following the attention ranking in the original run, select the
top 50 such entries for analysis. For visualization clarity, we
rotate the outputs back to the original orientation. We ob-
serve that, for early global attention layers (e.g., Layer 4),
the highly activated key tokens change almost entirely after
rotation. In contrast, for middle global attention layers (e.g.,
Layer 11), the corresponding entries in the rotated case still
largely point to the same spatial locations across both runs.
This indicates that the highly activated tokens in the early
global attention layers do not correspond to stable 3D struc-
tures or view-consistent relationships. Therefore, this rota-
tion test further supports our conclusion that the early global
attention layers do not contribute meaningfully to building
cross-view correspondences.

2. More Experiments

2.1. Additional Dataset Results

Here, we provide additional results on more datasets. For
camera pose estimation, we further evaluate on ScanNet [4]
and Sintel [2] and ETH3D [12]. For point-map estima-
tion, we additionally report results on NRGBD [1]. The
results are summarized in Tables 1, 2, 3 and 4. We observe
that on several datasets, FasterVGGT achieves better met-
rics than our method; however, this is mainly because its
sparse ratio is significantly smaller than our minimum sub-
sampling factor (a factor of 2 corresponds to keeping 50%
of patch tokens), resulting in substantially higher computa-
tional cost. Under comparable runtime budgets, our method
attains superior accuracy. Overall, our approach consis-
tently achieves the best trade-off between accuracy and ef-
ficiency across all evaluated datasets.

2.2. More Ablation Studies on VGGT

Effect of Not Subsampling Query Tokens. We evalu-
ated two training-free Query-subsampling variants on top
of AVGGT(2) (with K/V already subsampled using 0=2):
AVGGT(2+Q2GM) uses a global-mean Query token to ap-
proximate the missing attention weights induced by Query
subsampling; AVGGT(2+Q2Near) similarly replaces each
skipped Query with its nearest retained Query, without addi-
tional training. In terms of computational complexity, both
AVGGT(2+Q2GM) and AVGGT(2+Q2Near) are compara-
ble to AVGGT(4). We evaluate them on RealEstate10K.
As shown in Table 5, both variants perform substantially
worse than AVGGT(4). We believe this performance drop
arises because, while global attention is functionally used
to build cross-view correspondences, its effect is ultimately
realized through attention computation that updates token
values. Consequently, subsampling Query tokens inevitably
reduces differences between tokens, which is clearly harm-
ful for 3D tasks that require dense features. This inter-
pretation is consistent with the results: AVGGT(2+Q2GM)
performs worse than AVGGT(2+Q2Near), since using a
global-mean Query makes different tokens even more simi-
lar.

Effect of the Grid-Based Subsampling Strategy. Our
subsampling strategy is grid-based, but we also explored
several alternative token-selection methods. Since our anal-
ysis shows that global attention builds cross-view corre-
spondences by aligning tokens at the same spatial positions,
we first draw inspiration from traditional SfM pipelines [3,
6, 9] such as COLMAP [10, 11], where SIFT [7] key-
points are used for feature matching. Although patch to-
kens and SIFT keypoints are intrinsically different, we test
whether SIFT-based cues can help select more informative
tokens. Specifically, we detect SIFT keypoints on all in-



put images, accumulate their scores over the patch grid, and
select the top-scoring patch tokens. We denote this vari-
ant as AVGGT(2_SIFT), meaning a subsampling factor of 2
with SIFT-based token selection. As shown in Tab. 6, this
variant performs worse than our grid-based strategy, sug-
gesting that the tokens used by global attention for align-
ment do not align well with traditional handcrafted keypoint
pipelines. Within the grid-based setting, we further evalu-
ate whether selecting a fixed spatial index is optimal. We
consider four variants: randomly selecting a token within
each grid cell (AVGGT(2_Random)), selecting the token
with the highest feature magnitude (AVGGT(2_High)), se-
lecting the lowest-magnitude token (AVGGT(2_Low)), and
using the mean value within each cell (AVGGT(2_Mean)).
In AVGGT(2_Mean), we exclude both the diagonal and the
mean components from our enhanced strategy. As shown
in Tab. 6, the fixed grid-based selection remains the best-
performing choice, whereas AVGGT(2_Mean) performs the
worst. We attribute this to the fact that global attention con-
structs cross-view correspondences through spatially con-
sistent tokens, while mean aggregation destroys these spa-
tial anchors that are crucial for cross-view alignment.

Effect of Diagonal Preservation. We also study our en-
hanced subsampling strategy, which incorporates diagonal
preservation and a mean component. We denote the variant
without either enhancement (with subsampling factor 2) as
AVGGT(2_SubsampleOnly), the variant with only the mean
component as AVGGT(2_WithMean), and the variant with
only diagonal preservation as AVGGT(2_WithDiagonal).
As shown in Tab. 7, diagonal preservation yields a slight
improvement in the sparse setting but slightly degrades per-
formance under dense inputs, while the mean component
exhibits the opposite trend. Despite these differences, com-
bining both enhancements achieves the best overall perfor-
mance, which is why we adopt this configuration as our de-
fault choice.

Effect of the Last Global Attention Layers. In the previ-
ous ablation studies, we observed that directly replacing the
last global attention layers (indices 20-23) with frame at-
tention results in only a slight performance drop. Here, we
provide a more detailed analysis by introducing a parameter
tend, Which specifies that all global attention layers with in-
dices > t.pq are converted to frame attention. As shown in
Fig. 2, the last global attention layers contribute very little
to the final performance, and this effect becomes even more
pronounced as t.,,q increases. We interpret this behavior as
evidence that, at deeper layers, the global feature maps are
already well aligned across views, so additional global at-
tention contributes less to cross-view consistency, leading
to minimal performance difference.

Effect of Not Subsampling the First Frame. Our sub-
sampling strategy differs slightly between VGGT and 3.
Since VGGT treats the first frame as the reference view,
this frame generally plays a more important role than the
others. Therefore, for VGGT we choose not to subsam-
ple the patch tokens of the first frame. We denote by
AVGGT(2_FullySubsample) the variant that subsamples all
frames with a factor of 2. As shown in Tab. 8, keeping the
first frame uncompressed yields a small but consistent per-
formance improvement.

2.3. More Ablation Studies on 73

Similar to our ablation results on VGGT, as shown in Fig. 3,
the early global attention layers in 7% do not contribute
to building cross-view correspondences. We observe that
tearty = 10 provides the best trade-off between accuracy
and speed. From Tab. 9, both 73(G2F) and 73(G2M) mod-
ify global attention layers with indices 0-9. The fact that
73(G2F) achieves nearly the same performance as the orig-
inal model indicates that no cross-view correspondences are
formed in these layers, while the small performance gap
of m3(G2M) further suggests that these layers contain lit-
tle meaningful selective attention. Regarding the subsam-
pling factor, 73 follows the same pattern as VGGT: it is
more sensitive under sparse inputs and more robust when
the input views are dense. A difference arises in the behav-
ior of the last global attention layers. As shown in Fig. 4, in
73 even Layer 17 still has a noticeable impact on the final
performance. We attribute this to architectural differences:
73 contains only 36 alternating transformer blocks, whereas
VGGT contains 48. From this perspective, 73 likely has
less redundancy in its deeper layers, making its final global
attention layer more influential than in VGGT.

3. More Visualization Results of Global Atten-
tion for VGGT

In addition to Figs. 7-9, we provide further visualizations of
the global attention layers in VGGT. Please refer to Figs. 10,
11,12, and 13.
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Figure 5. Visualization of global attention for layers 0-8 in 7.
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Figure 6. Visualization of global attention for layers 9-17 in 7.
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Figure 7. Visualization of global attention for layers 0-7 in VGGT.
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Figure 8. Visualization of global attention for layers 8-15 in VGGT.
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Figure 9. Visualization of global attention for layers 16-23 in VGGT.
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Figure 10. Visualization of global attention for layers 0-11 in VGGT.
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Figure 11. Visualization of global attention for layers 12-23 in VGGT.
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Visualization of global attention for layers 0-11 in VGGT.
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Figure 13. Visualization of global attention for layers 12-23 in VGGT.
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