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Abstract

Visual geometry transformers have become powerful architectures for multi-view
3D reconstruction, enabling joint prediction of multiple 3D attributes in a feed-
forward manner. However, their computational cost grows quadratically with the
input sequence length due to the global attention layers inside these models. This
limits both their scalability and efficiency. In this work, we address this challenge
with a simple yet general strategy: restricting the number of key/value tokens
that each query interacts with during global attention. To achieve effective token
selection, we introduce a two-stage framework. First, an inter-frame selection step
operates at the frame level to identify frames that should be preserved. Second,
an intra-frame selection step further discards more redundant tokens within the
selected frames. Our analysis highlights the advantage of a diversity-based strategy
for inter-frame selection, which ensures broad coverage of the scene. For intra-
frame selection, we show that layer-aware sparsification is necessary, with the se-
lection process guided by the entropy of the global attention pattern. Our approach
offers a superior speed-accuracy trade-off compared to existing solutions. Exten-
sive experiments show that it accelerates visual geometry transformers by over 85%
for scenes with 500 images while maintaining, or even improving, baseline perfor-
mance, which hints that how our token selection strategy can play a crucial role in
future applications of visual geometry transformers. Our project website is avail-
able at https://zsh2000.github.io/good-token-hunting.github.io/.

1 Introduction

Visual geometry transformers [41, 52, 83, 87] are models capable of predicting key 3D attributes
(e.g., camera parameters, point maps, depth maps) from multiple views of a scene in a single forward
pass. Although these models serve as substantially faster solutions than previous alternatives [68],
they still suffer from prohibitively long inference time when increasing the number of processed
frames. This limitation stems from the global attention layers inside these models. While these global
attention layers enable effective information aggregation across views, they also exhibit quadratic
computational complexity O(N?L?) in the number of input frames N and per-frame tokens L. As
a result, global attention becomes the dominant bottleneck, causing inference cost to grow rapidly
with the number of input images, and ultimately constraining the efficiency of visual geometry
transformers, as illustrated in Figure 1.
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Figure 1: We accelerate visual geometry transformers via a two-stage hierarchical token selection
scheme: inter-frame selection followed by intra-frame selection. Our training-free method scales near-
linearly with the number of input frames, substantially improving the efficiency of visual geometry
transformers with a comparable acceleration ratio with LiteVGGT [72], which requires costly full
model training. Overall, our method achieves a superior trade-off between efficiency and accuracy.

To address this challenge in a principled and generalizable manner, we formulate our problem as
follows: in the global attention layers of visual geometry transformers, given a limited budget of
key/value tokens with which each query can interact, how should these tokens be selected? Our study,
Good Token Hunting (GoToHunt), investigates this question by exploring and analyzing various
token selection strategies. Existing solutions [70] directly select tokens from the full set across
all frames and require computationally heavy inspection of all tokens. In contrast, we leverage a
two-stage hierarchical token selection scheme. The first stage performs inter-frame selection at the
frame level, determining key/value tokens from which frames should be retained. This is a non-trivial
task because several intuitive strategies, including similarity-based or activation-based criteria, incur
significant performance degradation. Instead, inspired by keyframe-based SLAM [40, 48] systems,
we propose selecting a collection of frames that are as diverse as possible to ensure broad scene
coverage. Empirically, this diversity-driven approach proves to be an effective inter-frame selection
strategy under tight token budgets, largely preserving the performance from base models while
significantly reducing computational cost.

After completing token selection on the frame level, we perform intra-frame selection to further
improve efficiency by discarding more key/value tokens within each selected frame. We first discover
that uniformly downsampling across all global attention layers induces a non-negligible performance
drop. To mitigate this issue, we conduct an analysis on the global attention patterns within each
layer. We find that early layers exhibit heavily diluted attention, which is a phenomenon also found
in language models [15, 102, 111], while middle and late layers tend to display spiking values in the
attention map. These observations motivate a layer-adaptive intra-frame selection strategy, in which
different levels of token pruning are applied across different layers. In particular, in layers with highly
activated tokens, we adopt more conservative strategies to avoid discarding important tokens before
the actual attention scores are calculated. Combined with the preceding inter-frame selection stage,
this two-stage hierarchical design, as demonstrated in Figure 1, substantially improves efficiency of
visual geometry transformers. For example, on scenes with 500 input frames, our method reduces the
inference time of the base VGGT [83] model by over 85%, while achieving a more favorable trade-off
between inference speed and performance compared to existing acceleration approaches [70, 72, 80].

In summary, our work makes four contributions. (1) First, we cast the speedup of visual geometry
transformers into a straightforward yet general formulation by constraining the number of key/value
tokens each query interacts with in global attention layers. (2) Second, to solve this problem, we
introduce a novel hierarchical token selection strategy consisting of inter-frame and intra-frame



selection for global attention layers. (3) Third, we provide a systematic exploration of token selection
strategies, showing that diversity-based solutions are well-suited for inter-frame selection, while layer-
adaptive strategies with different levels of token pruning is critical for intra-frame selection. These
findings offer practical guidance for improving both efficiency and performance of visual geometry
transformers. (4) Finally, comprehensive experimental results demonstrate that our training-free
GoToHunt solution achieves superior trade-off between efficiency and performance for accelerating
visual geometry transformers compared to existing methods, delivering competitive inference speed
improvement with minimal performance compromise.

2 Related Works

Feed-forward 3D Reconstruction. Multi-view 3D reconstruction tasks, like Structure-from-Motion
(SfM) and Multi-view Stereo (MVS), are traditionally solved using complex pipelines involving
optimization [68]. While these methods achieve high accuracy under favorable conditions, they rely
on iterative non-linear optimization steps like bundle adjustment [1]. Recent emergence of feed-
forward 3D reconstruction models mark a fundamental departure from solving for geometry through
optimization. DUSt3R [85] and its follow-up works [5, 22, 34, 47, 56, 78, 106, 110] pioneered this
paradigm by predicting pairwise 3D point maps from image pairs using neural networks [90, 91].
More recently, Visual Geometry Transformers such as VGGT [83] further broadened this paradigm
to jointly predict key 3D attributes like cameras, depth, or point maps from multiple images. This
formulation inspired subsequent works [28, 31, 64, 81, 89], including w3 [87], MapAnything [41],
and Depth Anything 3 [52], which explore alternative architectural design choices. This line of work
has already been applied in multiple areas [2, 12, 26, 50, 55, 58, 92, 94, 104], largely focusing on
streaming reconstruction [6, 8, 11, 13, 21, 25, 29, 38, 42, 44, 51, 53, 54, 57, 66, 84, 99, 100, 105,
113, 115], 4D reconstruction for dynamic scenes [7, 19, 24, 32, 33, 36, 39, 65, 69, 74, 75, 82, 93, 96,
97, 107, 109, 114], human-centric reconstruction [9, 112], autonomous driving [35, 103, 116], visual
relocalization [18, 20, 60, 98], and odometry [16, 62]. This breadth of applications demonstrates the
growing importance and versatility of visual geometry transformers. The substantial computational
cost when using a large number of input images is one of the main obstacles towards even broader
impact for these models.

Efficiency Improvement on Visual Geometry Transformers. To address this challenge, a growing
body of research [43, 46, 49, 59, 72, 86, 101] aims at improving efficiency to make visual geometry
transformers practical at scale. For example, FastVGGT [70] introduced a training-free token
merging scheme that preserves reference and salient tokens while merging the rest. Other approaches
such as SparseVGGT [76] inspect the behavior of global attention and introduce specific attention
calculation and token pruning mechanisms to speed up inference. Compression-based approaches
reduce the inference cost through low-bit compression, including quantized VGGT [27] and tail-
aware quantization [63]. In contrast, methods [88] like LiteVGGT [72] and Speed3R [67] improve
efficiency by retraining the model with additional priors or architectural constraints, so that the global
attention layers operate on fewer tokens. Unlike these works, we adopt a training-free approach that
allows for selecting a few key/value tokens within a limited budget that each query can interact with.

3 GoToHunt: Token Selection for Global Attention

3.1 Preliminaries and Problem Formulation

Visual Geometry Transformers take in [NV images 7 = {In}i\;1 capturing a scene as input, and
predicts geometric properties for each frame such as camera pose [R;|t;], point maps P;, etc.,
depending on the model design. Specifically, each image is first patchified into L spatial tokens,
optionally concatenated with special tokens (e.g., camera tokens). These tokens are then processed
by a stack of frame-wise attention layers, which operate independently within each frame, and
global attention layers, which jointly operate across all tokens from all frames. After cross-view
information aggregation, dedicated task-specific heads decode each geometric property from the
processed representations.

Computational Bottleneck. As also illustrated in prior work [70, 72], the inference efficiency of
visual geometry transformers is primarily constrained by the global attention layers, which compute
attention over the entire set of [V x L tokens (/V is the number of input frames, and L is the number of
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Figure 2: Pipeline of GoToHunt. Token selection is performed in the K/V space prior to the global
attention layers, to determine which key/value tokens each query token interacts with. Our approach
follows a two-stage hierarchical design: inter-frame selection first conducts frame-level selection,
while intra-frame selection subsequently discard more tokens within each selected frame.

tokens per frame), along with any additional special tokens. This results in a quadratic computational
complexity of O(N2L?), which is the central bottleneck addressed in this work.

Problem Formulation. To address this challenge in a general and principled manner, we adopt the
following simple formulation: restricting the number of key/value tokens that each query attends to
within each global attention layer. Rather than directly selecting tokens from the entire set across all
frames, which is inefficient and suboptimal as it requires computationally heavy scan on all tokens,
we employ a hierarchical selection strategy. We first perform inter-frame selection (Section 3.2) to
select a set of frames. Then, we apply intra-frame selection (Section 3.3) within each selected frame
to further discard more tokens. This two-stage design enables efficient token selection under the
budget constraint while preserving essential information.

Preliminary Experiment Setting. In Sections 3.2 and 3.3, we conduct preliminary experiments to
systematically analyze inter-frame and intra-frame token selection strategies. We evaluate camera
pose estimation on the 7-Scenes [71] dataset. We sample every 2 frames of the image sequences,
resulting in 500 frames per scene (with the exception of two scenes containing 250 frames). We
follow previous works [70, 87] and adopt the metrics of Absolute Trajectory Error (ATE), Relative
Pose Error in rotation (RPE-rot) and translation (RPE-trans).

3.2 Inter-frame Selection: Hunting for Good Frames

Intuitive Strategies. The first stage in token selection is inter-frame selection, to determine what
frames to keep for further processing. First, we evaluate several intuitive strategies: (1) selecting
temporally adjacent frames (only applicable to ordered sequences); (2) selecting frames based on
co-visibility, with variants of (2a) selecting frames that are most co-visible with the current frame;
(2b) selecting frames that are least co-visible with the current frame; and (3) selecting frames based
on attention activation, split into (3a) selecting based on the maximum attention score and (3b)
selecting based on the mean attention score. For co-visibility approximation, we utilize the place
recognition model [4] to extract features for each input image. The similarity between features
serves as the proxy for the frame overlap, indicating the co-visibility between image pairs. For this
preliminary analysis, we set the budget of selected frames to be K = 25 from the 7-Scenes sequences
of 250/500 frames, meaning that we allow each query to only interact with key/value tokens from 25
frames in the global attention layers. At this level of sparsification, maintaining decent performance
after frame selection is non-trivial. As reported in Table 1, all of these intuitive strategies lead to
substantial performance degradation.



Table 1: Comparison of intuitive inter-frame selection
strategies on 7-Scenes [71] for camera pose estimation.
The budget restricts each query to attend to key/value
tokens from K = 25 frames.

Strategy ATE (}) RPE-rot () RPE-trans (})

(1) Temporal proximity

Nearest 0.7588 1.8485 0.0563

(2) Co-visibility-based selection

(2a) High co-visibility ~ 0.3813 2.9934 0.1197

(2b) Low co-visibility ~ 0.1840 2.4761 0.1038

(3) Attention-based selection

3a) Max poolin 0.3879 7.2494 0.1257 . . .

E3b)) Mearf) pooliﬁg 03627 72988 0.0988 Iflgure. 3: Illustration of 1r1ter-frame selec-
Diversity-based (Ours)  0.0676  0.4421 0.0167 ;lon ng} K= 1% thefs‘iecftelcll Vle“;s (red)
VGGT (Base Model) ~ 0.0698 0.4953 0.0178 orm a diverse subset of the full set of views

(blue), maximizing view-space coverage un-
der a limited budget.

Diversity-based Frame Selection. In contrast to the above strategies, our intuition is to select a set
of frames, within a given budget, that can maximize view-space coverage. Formally, given N images
with d-dimensional features { f;}}¥ , extracted by the aforementioned place recognition model, we
define the cosine distance between two images as

(fir [5)

d(7,7) = 1 — .
6.) T

ey

Under a budget that allows each query to attend to tokens from K frames, we seek the subset
S* C{1,...,N} with |S*| = K that minimizes the largest distance from any frame to its nearest
selected frame:
S* = arg min max  min d(4,7). 2
SC{1,...N},|S|=K i€{1,...N} JjES

Since Equation 2 is the classical NP-hard “K -center” objective, we adopt the similar greedy farthest
point sampling (FPS) heuristic [30], widely used in point cloud processing, which iteratively selects
the frame farthest from the current selected set. For details, we refer to Algorithm A in the Appendix.

From the results in Table 1, we can observe that our inter-frame selection strategy greatly outperforms
the intuitive alternatives. These selected frames serve as “anchors”, as illustrated in Figure 3,
providing broad view-space coverage of the scene with a set of views within a limited budget.
Moreover, these “anchors” supporting the whole scene are expected to be consistent across different
queries, suggesting that a common set of reference views across all tokens is beneficial for cross-view
representation processing within visual geometry transformers.

3.3 Intra-frame Token Selection: Preserving Necessary Tokens

Performance Drop with Intra-frame Down-
sampling. Having determined which frames
to retain, we turn to the second stage of to-
ken selection: identifying which tokens within
each selected frame can be further discarded.

Table 2: Experimental results with the uniform intra-
frame token selection strategy across all global atten-
tion layers following AVGGT [72].

- K ATE RPE-rot RPE-t
Existing work [76] suggests that we can apply = ; = 103(? ; 4;27(“ = Or;gn: S
intra—frame downsampling \yithin all global 10 3 02414 37025 0.0564
attention layers by subsampling token maps. 25 2 0.0831 0.6630 0.0213
Concretely, tokens are downsampled by a fac- 2 3 0.1393 1.8891 0.0434
tor of o along both the helght and width di- VGGT (Base Model) 0.0698 0.4953 0.0178

mensions, reducing a feature map with the
original size h X w to Lg x 2 |. Following their approach, we perform downsampling across all
global attention layers. However, we observe a noticeable performance drop, as reported in Table 2.

Even a modest downsampling factor of o = 2 leads to measurable performance degradation.
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Figure 4: Attention pattern analysis of global attention layers (0-23) within VGGT [83]. Early layers
show diluted, near-uniform attention distributions, whereas middle layers have spiking values.

Attention Pattern Analysis. To understand the reason behind the performance degradation after intra-
frame downsampling, we inspect the attention patterns within the global attention layers. Specifically,
we report two statistics in Figure 4: normalized entropy Hporm € [0,1] and top-1 token weight,
computed over a set of sampled query tokens and attention heads for each layer. The normalized
entropy is formalized as

Eo<h<H,0<q<Q H(h,q)
H- Q : Hmax ’

where Hy,ax = log (N L) is the maximum possible entropy over all key tokens, with N being the
number of frames and L the number of tokens per frame. #(h,q) represents the entropy of the
attention scores on attention head h and query q. H = 4 and () = 50 are the number of sampled
attention heads and query tokens for calculating these statistics.

Hnorm = (3)

As shown in Figure 4, early global atten- Typle 3: Performance analysis on different intra-frame

tion layers exhibit a diluted, near-uniform  giqeoies applied on different sets of VGGT [83] layers,
attention pattern, whereas middle and later with K = 25.

layers showcase a sharp attention pattern

with spiking attention values. This obser- s Strategy Layers ATE(/) RPErot(/) RPE trans ()
Va.tion. suggests that, if the token dowpsam- 5 Standard 0-8 0.0676 0.4427 0.0168
pling in the middle and late layers discard 2 Standard ~ 9-16  0.0792 0.9539 0.0239
: : . 2 Activation  9-16  0.0687 0.4664 0.0172
tgkens that are highly actlvateq, their atten 5 Standard 1723 00715 0.4463 0.0168
tion pattern will be severely disrupted, re- 3 Stundard 0-8 0.0679 0.4486 0.0168
sulting in a performance degradation. This g AStandard g-ig 8~(1)2~;4 (l)gzg 8‘8;(1]6
F ctivation - .0711 b .0207
hypo{)hems 18 alﬁo Lsgupp;rteﬁ(li bydtl;‘e compar- 3 Gundard 1723 00743 0.4527 0.0172
1son between the Sfandara and Activation  — ey [83] (Base Model) ~ 0.0698 0.4953 0.0178

strategies in Table 3, where the Activation
preserves the same fraction of tokens (i

for ¢ = 2, L for o = 3) by selecting tokens with the highest attention activations, while Standard
uniformly drops tokens in both height and width dimensions. The substantially reduced performance
compromise of Activation for the middle layers indicates that token selection in layers with spiking
attention values needs to be carefully designed. However, since identifying highly activated tokens
requires computing attention scores in advance, which is time-consuming, Activation can only serve
as a validation for our hypothesis, instead of a practical and efficient solution. In contrast, since the
attention is diluted in the early layers without highly activated tokens, more aggressive intra-frame
downsampling can be safely applied in these layers while still largely preserving the performance, as
supported by the results in Table 3.

Layer-adaptive Intra-frame Strategy. The attention patterns in Figure 4 reveal that early layers of
visual geometry transformers tend to have diluted attention patterns, where we can safely perform
intra-frame downsampling without concerning about dropping highly activated tokens. Furthermore,
we observe that the very first few layers have normalized entropy values close to 1, indicating that
global attention in these layers can barely function for cross-view interaction. Following [76], we
can replace these global attention layers with local attention operating within each frame to further
save compute. Therefore, to formalize this design, we introduce two thresholds, ljoca1 and lsample, t0
determine the intra-frame strategies applied to each layer. For layers with index | < l}ca1, We replace
global attention with local attention, which is the more aggressive intra-frame strategy to speed up
the inference. For layers with index liocal < ! < lsample, We apply intra-frame downsampling with a



Table 4: Quantitative comparisons on camera pose estimation. Best is bold and the second best is
underlined, excluding the base model row.

Method 7-Scenes Neural RGB-D TUM-Dynamics
ethor
ATE (|) RPE-rot(]) RPE-trans(]) ATE(]) RPE-rot(]) RPE-trans(]) ATE(]) RPE-rot(]) RPE-trans (])

VGGT [83] (Base Model) 0.0698 0.4953 0.0178 0.0374 0.2934 0.0186 0.0118 0.3083 0.0098
FastVGGT [70] 0.0727 0.4254 0.0159 0.0377 0.1985 0.0168 0.0127 0.3154 0.0108
SparseVGGT [80] (SR: 50%)  0.0723 0.4608 0.0167 0.0402 0.2946 0.0202 0.0125 0.3114 0.0102
SparseVGGT [80] (SR: 75%)  0.0735 0.4583 0.0169 0.0462 0.2717 0.0192 0.0127 0.3120 0.0103
Co-Me [10] 0.0870 0.8105 0.0340 0.0626 0.4567 0.0336 0.0156 0.3438 0.0146
LiteVGGT [72] 0.0798 0.6888 0.0238 0.0531 0.3311 0.0247 0.0145 0.3250 0.0119
GoToHunt (Ours) (o = 2) 0.0673 0.4471 0.0165 0.0267 0.1794 0.0162 0.0115 0.3087 0.0101
GoToHunt (Ours) (o = 3) 0.0677 0.4495 0.0166 0.0270 0.2409 0.0176 0.0119 0.3075 0.0102
7 [87] (Base Model) 0.0573 0.3389 0.0105 0.0251 0.1031 0.0098 0.0140 0.3073 0.0088
Sparse-7® [80] (SR: 50%) 0.0580 0.3369 0.0106 0.0313 0.1182 0.0115 0.0140 0.3068 0.0090
Sparse-7® [80] (SR: 75%) 0.0594 0.3387 0.0108 0.0478 0.1250 0.0124 0.0141 0.3094 0.0092
Speed3R [67] 0.0591 0.3800 0.0133 0.0391 0.1735 0.0145 0.0193 0.3152 0.0103
GoToHunt (Ours) (0 = 2) 0.0579 0.3445 0.0113 0.0292 0.1190 0.0123 0.0142 0.3075 0.0089
GoToHunt (Ours) (o = 3) 0.0570 0.3428 0.0112 0.0292 0.1192 0.0123 0.0144 0.3083 0.0089

selected factor. This layer-adaptive strategy balances efficiency and accuracy by aligning the levels of
token pruning with the underlying attention characteristics for different global attention layers.

4 Experiments

4.1 Experimental Setup

Implementation Details. We choose two representative visual geometry transformers VGGT [83]
and 73 [87] as base models for evaluation. For comparisons with other methods in Section 4.2, we
choose K = 25 and o € {2,3} for a relatively fixed budget of selected tokens. In the analysis
in Section 4.3, we further show the model performance under different budgets. Unless otherwise
specified, we set the layer thresholds to ljoca1 = 2 and lgample = 9, but also demonstrate in Section 4.3
that the performance is robust to these thresholds. All experiments are conducted on a single NVIDIA
L40S GPU with 48GB CUDA memory.

Tasks, Metrics, and Datasets. Beyond the camera pose estimation task already introduced in Sec-
tion 3.1, we also evaluate our method on 3D point cloud reconstruction and video depth estimation.
Following previous works [87], we adopt the mean and median values of Accuracy (Acc), Completion
(Comp), and Normal Consistency (NC) as evaluation metrics for 3D reconstruction, and Absolute
Relative Error (Abs Rel), Root Mean Squared Error (RMSE), Log RMSE, Squared Relative Error
(Sq Rel), and prediction accuracy at the threshold of § < 1.25 for video depth estimation. Detailed
explanations on the metrics of all three tasks can be referred in Section D in the Appendix. Experi-
ments are conducted on a diverse set of benchmarks, including 7-Scenes [71], Neural RGB-D [3],
TUM-Dynamics [73], and Bonn [61].

Baseline Methods. We compare against the state-of-the-arts for accelerating visual geometry
transformers, including FastVGGT [70], SparseVGGT [80], Co-Me [10], LiteVGGT [72], and
Speed3R [67]. We follow the default sparsification settings adopted in these methods. For Spar-
seVGGT, we report results with sparsity ratio (SR) of 50% and 75% using a CDF threshold of
0.9. Among these methods, LiteVGGT and Speed3R require full model retraining, typically taking
several days on a multi-GPU setup (8 high-performance GPUs). Co-Me involves lightweight training
under 1 hour on an NVIDIA A100 GPU. In contrast, FastVGGT, SparseVGGT, and our method are
training-free. SparseVGGT can also be applied to 7> (denoted as Sparse-72), whereas Speed3R is
only available with the 73 checkpoint.

4.2 Comparisons with Existing Methods

Camera Pose Estimation. We evaluate our method on 7-Scenes, Neural RGB-D, and TUM-
Dynamics. Following [14], sequences in 7-Scenes are sampled every two frames, resulting in each
scene containing 500 frames except for two scenes with 250 frames, while Neural RGB-D is sampled
every five frames. As shown in Table 4, our method achieves an overall superior performance
compared to existing approaches across all datasets, both on the long-sequence 7-Scenes and Neural
RGB-D and the standard TUM-Dynamics benchmark, in several cases even improving upon the base
model. These results highlight the effectiveness of our proposed token selection strategy, particularly



Table 5: Quantitative comparisons on point map estimation. Best is bold and the second best is
underlined, excluding the base model row.

7-Scenes Neural RGB-D
Method Ace (1) Comp ({) NC (1) Ace (]) Comp (]) NC (1)
Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med.
VGGT [83] (Base Model) 0.0171 0.0038 0.0184 0.0043 0.5568 0.5851 0.0160 0.0099 0.0112 0.0028 0.7508 0.8917
FastVGGT [70] 0.0166 0.0042 0.0182 0.0034 0.5554 0.5830 0.0181 0.0131 0.0115 0.0031 0.7196 0.8640

SparseVGGT [80] (SR: 50%) 0.0172 0.0039 0.0191 0.0042 0.5563 0.5846 0.0160 0.0099 0.0112 0.0027 0.7384 0.8787
SparseVGGT [80] (SR: 75%) 0.0174 0.0040 0.0189 0.0042 0.5561 0.5842 0.0363 0.0258 0.0169 0.0041 0.6907 0.8353
Co-Me [10] 0.0147 0.0061 0.0234 0.0060 0.5826 0.6271 0.0167 0.0091 0.0115 0.0033 0.7716 0.9104
LiteVGGT [72] 0.0185 0.0059 0.0232 0.0033 0.5542 0.5815 0.0264 0.0154 0.0152 0.0030 0.6833  0.8009
GoToHunt (Ours) (0 = 2) 0.0152  0.0036 0.0188 0.0043 0.5567 0.5850 0.0127 0.0075 0.0112 0.0027 0.7552 0.8946
GoToHunt (Ours) (o0 = 3) 0.0152  0.0036 0.0189 0.0043 0.5568 0.5854 0.0126 0.0074 0.0113 0.0028 0.7582 0.8973

73 [87] (Base Model) 0.0105 0.0034 0.0141 0.0054 0.5677 0.6027 0.0128 0.0057 0.0101 0.0024 0.7503 0.8806

Sparse-m [80] (SR: 50%) 0.0109 0.0036 0.0142 0.0053 0.5664 0.6006 0.0150 0.0078 0.0112 0.0027 0.7361 0.8672
Sparse-m [80] (SR: 75%) 0.0117 0.0038 0.0152 0.0055 0.5659 0.5997 0.0189 0.0100 0.0149 0.0040 0.7350 0.8663
Speed3R [67] 0.0120  0.0040 0.0137 0.0044 0.5661 0.6006 0.0208 0.0137 0.0149 0.0040 0.7256 0.8617
GoToHunt (Ours) (o = 2) 0.0105 0.0034 0.0142 0.0052 0.5666 0.6009 0.0148 0.0074 0.0107 0.0027 0.7463 0.8781
GoToHunt (Ours) (0 = 3) 0.0104 0.0033 0.0139 0.0050 0.5666 0.6008 0.0149 0.0073 0.0107 0.0027 0.7461 0.8778

Table 6: Quantitative comparisons on video depth es- Table 7: Inference time comparison on an
timation. The best accelerated model is highlighted in NVIDIA L40S GPU. As above, we use
bold. Our method outperforms the base model even in K = 25 and o = 3. The fastest result is in

terms of quality. bold and the second fastest is underlined.
Method Bonn Input Sequence Length 100 200 300 400 500
AbsRel (1) LogRMSE(}) RMSE() SqRel() 6<125() VGGT [83] (Base Model)  13.6s  47.4s 10135 179.85 288.0s
7 (Base Model) 0.0333 0.0746 0.1623 0.0123 0.9886 FastVGGT [70] 94s 23.0s 40.0s 5955  84.6s
Sparse-ni‘ [80] (SR: 50%) ooM ooM 0ooM ooM ooM Sparse-7r3 [80] (SR: 50%) 6.8s 18.3s  35.0s 56.2s 80.3s
Sparse-® [80] (SR: 75%) oom oom oom oom oom Sparse-m® [80] (SR: 75%)  5.7s  14.0s 25.6s  39.5s  55.4s
Speed3R [67] 0.0314 0.0680 0.1525 0.0103 0.9909 LiteVGGT [72] 455 10.1s 17.8s 26.0s 36.5s
GoToHunt (Ours) (- =3) 00288 0.0668 0.1501 0.0100 0.9893 Co-Me [10] 555 164s 3225 533s  84.2s
GoToHunt (Ours) 7.8s 159s 23.8s 31.7s 41.2s

as a training-free approach, which can serve as a flexible plug-in that can be applied to general types
of visual geometry transformers.

3D Point Cloud Reconstruction. Unlike prior evaluations that often focus on sparse reconstruction
from only 3-5 views per scene, we evaluate on dense multi-view settings to better assess the overall
behavior on both performance and computational efficiency. Specifically, we follow the same protocol
as in camera pose estimation and evaluate 3D point cloud reconstruction on 7-Scenes and Neural
RGB-D with up to 500 frames per scene. As reported in Table 5, our method achieves superior
overall performance compared to existing solutions, demonstrating its effectiveness and robustness in
large-scale reconstruction scenarios.

Video Depth Estimation. To further evaluate performance on more tasks with long sequences, we
conduct video depth estimation experiments on the full-length Bonn dataset [61], where sequences
range from 332 to 895 frames per scene. We adopt 72 as the base model so that the baseline method
can also operate within the 48GB memory. As shown in Table 6, Sparse VGGT encounters CUDA
out-of-memory issues on these long sequences within 4GB memory, even with a high sparsification
rate of 75%. In contrast, our method scales reliably to sequences exceeding 800 frames, and even
outperforms the base model. Moreover, compared to Speed3R which requires costly model retraining,
our training-free approach still achieves superior performance on most metrics.

Inference Efficiency. We present the inference speed comparison across different methods in Table 7.
We can observe that our approach shows near-linear inference time scaling with respect to the number
of input images, resulting in an improved efficiency for long sequences, as we select a constant budget
of key/value tokens for the global attention layers. Although our method remains slightly slower
than LiteVGGT, which achieves superior efficiency from expensive model retraining, our method
consistently has smaller performance compromise. Combined with the comparisons on various tasks
above, it demonstrates that our method achieves an overall better trade-off between efficiency and
performance compared to existing approaches.



Table 8: Analysis on the impact of the inter-frame selec- Table 9: Sensitivity analysis on the layer
tion budget K with o = 3 for the pose estimation task partition thresholds ljoca1 and lsample for
on 7-Scenes. Increasing K initially improves perfor- intra-frame selection with K = 25, with
mance, indicating that a moderate expansion of the se- the blue row indicating our current param-
lected frame set enhances scene coverage. However, the eter choice. Performance remains stable
trend is not monotonic: beyond a certain range, further across a wide range of threshold choices,
increasing K occasionally leads to an eventual perfor- demonstrating that our method is robust to
mance degradation, with the performance approaching these hyperparameter choices, as long as
the results of the full model. Inference time is measured they are consistent with the observed layer-

on an NVIDIA L40S GPU with 500 frames. wise attention patterns.
K ATE (J) RPE-rot(}) RPE-trans(]) Inference Time ({) local  lsample  ATE () RPE-rot(]) RPE-trans ()
VGGT (Base Model)  0.0698 0.4953 0.0178 288.0s 73 (Base Model)  0.0573 0.3389 0.0105
10 0.0722 0.7614 0.0198 3235
2 00671 ouos  0olss HES L8 omser 0 0012
40 0.0674 0.4204 0.0155 51.9s - - -
60 0.0677 0.4203 00153 63.7s 1 10 0.0569 0.3406 0.0111
80 00684 04211 00152 77.85 2 8 0.0569 0.3432 0.0112
100 0.0685 0.4229 0.0153 89.3s 2 9 0.0570 0.3428 0.0112
73 (Base Model) 0.0573 0.3389 0.0105 110.1s § 180 882;8 8%:?2 88”%
10 0.0575 0.3652 0.0126 21.9s 3 9 0.0571 0.3418 0.0112
25 0.0570 0.3428 0.0112 26.1s 3 10 0.0571 0.3396 0.0112
40 0.0563 0.3384 0.0108 30.5s
60 0.0561 0.3379 0.0107 36.1s 4 g 0577 ki DIOT]S
80 0.0567 0.3348 0.0105 422 4 £l 0.0578 0.3446 0.0113
' . ' 28 4 10 0.0578 0.3425 0.0113
100 0.0566 0.3359 0.0106 47.8s : : :

4.3 Ablation Study and Sensitivity Analysis

Beyond the ablations already presented in Sections 3.2 and 3.3 about the methodology design of both
inter-frame and intra-frame strategies, we provide additional analysis below for the key parameters to
offer practical guidance for applying our method.

Budget for Inter-frame Selection. In our default experimental setting, we use a fixed inter-frame
budget of K = 25 for scenes containing hundreds of frames. A natural concern is that using as few
as 25 frames would be inevitably struggle to cover the full scene. To investigate this, we vary the
budget K allocated for inter-frame selection, and report the results in Table 8. We observe that when
the budget increases to 40-60 frames, which is rougly 10% of the total frames, the performance gets
further boosted compared to our default choice of K = 25. What is more interesting is that the
performance does not monotonically increase with larger budgets. On one hand, this is expected as
when K approaches the total number of input frames, the results should converge to the performance
of the base model, which can be outperformed by many of our variants. On the other hand, it is still
counterintuitive, as attending to more frames should, in principle, make the model visible to more
information. We leave this as an interesting future investigation to better understand the mechanisms
of visual geometry transformers.

Layer Thresholds for Intra-frame Selection. In Section 3.3, we set the thresholds ljoca1 and lsample
to determine the layer-adaptive strategies with different levels of token pruning across all the global
attention layers. We vary these thresholds in Table 9 and find that the performance remains stable
across a broad range of configurations, which is consistent with the observed global attention patterns
for each layer. This indicates that our method is robust to these hyperparameter choices, which further
enhances the soundness and reliability of our method.

5 Discussions

Although our approach is introduced as a training-free acceleration method, the analysis and findings
in our paper point to a more fundamental observation: the improved performance after token selection
indicates that current visual geometry transformers are not yet perfectly trained with the optimal
architecture. Our solution thus provides guidelines for future research on how to improve the network
design and training strategies of visual geometry transformers. For example, our study on inter-frame
selection points toward the potential of routing-based mechanisms for attention layers inside these
models, while our intra-frame analysis suggests that global attention layers at early stages which
suffer from attention dilution may be skipped even in the training process.



6 Conclusions

We present GoToHunt, a study that formulates the efficiency improvement of visual geometry trans-
formers as a token selection problem. To enable effective selection, we introduce a two-stage
hierarchical framework consisting of inter-frame and intra-frame selection. Through comprehensive
analysis, we show that diversity-based strategies are well-suited for inter-frame selection, while
layer-adaptive strategies with different levels of token pruning are needed for intra-frame selection.
Extensive experiments demonstrate that our method achieves a superior trade-off between inference
efficiency and reconstruction quality compared to existing approaches, even occasionally outperform-
ing the base models. We believe that our training-free solution can serve as a general and easy-to-use
algorithm for accelerating various visual geometry transformers.
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Good Token Hunting: A Hitchhiker’s Guide to Token Selection
for Visual Geometry Transformers

Technical Appendices and Supplementary Material

In the appendix, we provide additional clarfication, analyses and experiments to further validate the
effectiveness and provide guidelines of our method along with more discussions. First, in Section A,
we illustrate the details of the proposed diversity-based inter-frame selection algorithm. Section B
displays the exploration of several intra-frame strategies that we attempted during our research, but
ultimately chose not to be applied on our final method, in order to provide more guidelines for
future research. Then, in Section C, we provide additional experiments on the sensitivity analysis of
the hyperparameters used in our method, demonstrating the robustness of our method to parameter
choices. Afterwards, in Section D, we elaborate the evaluation metrics used in the tasks. Section E
include the license and terms of use for the models and data used in the paper. Finally, Section F
to Section H provide additional discussions, limitations, and societal impact of our work.

A Algorithm Details for Inter-frame Selection

In Section 3.2, we propose the diversity-based inter-frame selection solution. We demonstrate the al-
gorithm details in Algorithm A. Given image-level features extracted by a place recognition model [4],
we first construct a pairwise similarity matrix using cosine similarity, serving as approximation for
co-visibility between frames, which is then converted into a distance metric for the following sampling
process. The selection problem is formulated as a " /K -center" objective, aiming to choose a subset of
frames that maximizes coverage of the scene. To efficiently approximate this objective, we adopt
the greedy farthest point sampling (FPS) algorithm. Starting from a randomly initialized frame, FPS
iteratively selects the frame that is farthest from the current selected set, thereby encouraging diversity
among selected frames. The resulting subset is shared across all query tokens and serves as the
inter-frame support "anchor" set for global attention. In practice, this procedure is computationally
efficient, requiring only a single N x N similarity computation and K iterative updates.

B Additional Analysis on Intra-frame Strategy

B.1 Token-level Diversity-based Selection

In Section 3.3, we adopt an intra-frame strategy to downsample the token map along the two spatial
dimensions, which is independent to the token content. One intuitive consideration is that, what if
we adopt a similar diversity-based strategy as inter-frame selection, in the current intra-frame stage,
leading to a diversity-based intra-frame selection strategy. However, the total number of tokens across
frames can be prohibitively large for directly applying such a method even after inter-frame selection.
To address this, we design an approximate solution. Specifically, for each selected frame, we first
over-select twice the target budget using FPS. Then, we compute a redundancy score for each token,
which is its maximum cosine similarity to the mean feature of every other frame. Finally, we retain
the least redundant tokens from the selected tokens. This procedure directly guarantees diversity
within each frame and, to some extent, promotes token diversity across frames. We refer to this
Token-level Diversity-based strategy as 7LD.

We observe that TLD performs well in certain scenarios, such as video depth estimation in Table A,
where it consistently outperforms the standard strategy in nearly all configurations. However, in
other tasks, including pose estimation in Table B and 3D reconstruction in Table C, its performance
is comparable to or sometimes worse than the standard approach.

In addition, unlike diversity-based inter-frame sampling, which is performed only once in the image
space, TLD requires FPS within each selected frame even before advancing to the second selection
stage, resulting in non-negligible computational overhead. It typically takes roughly 5 seconds for a
scene with 500 frames. Therefore, this strategy is not applied in our official solution, but we report it
here to potentially inspire future research.
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Algorithm A Diversity-based Inter-frame Selection

Input: Feature map ' € RY*4 (row f; is the d-dim feature of image 7); number of neighbors K;
random seed o
Output: Selected index set S with |S| = K (shared by all query frames)

1: // Step 1: build the covisibility matrix from features (cosine similarity).

2 fi < fi/llfill, Vie{0,...,N -1} > Lo-normalized each row
3 F [fo; fl; - fN_l] c RNxd > stack normalized rows
4 C« FFT, Cij;€[-1,1] > covisibility matrix with cosine similarity between features

5: // Step 2: Convert covisibility to a distance.

6: D;j < max(C)—C,;, Vi, j > larger covisibility = closer distance
7: 1/ Step 3: FPS starts from a random first pick.

8: by ~ Uniform{0,...,N —1} > random selection with seed o
9: S« {b1} > add frame to the selected set
10: dmin < Dy, . > dmin € RY stores the distance of each frame to the selected set
11: dpyin[b1] < —o0 > prevent re-selecting the already selected frame

12: // Step 4: FPS for the remaining X — 1 picks.
13: for k < 2to K do

14: b < argmax; dmin [7] > select the farthest frame from the currently selected set
15: S+ Su{b} > add frame to the selected set
16: Amin[b] < —o0 > prevent re-selecting the already selected frame
17: dmin < min (dmin, Dbyz) > update the distance change due to the newly added frame
18: end for

19: return S

Table A: Quantitative comparison on the token-level diversity-based (TLD) selection strategy for
intra-frame downsampling with video depth prediction on the full length Bonn [61] dataset.

K o Strategy Layers AbsRel(|) LogRMSE(|) RMSE () 0 <1.25(1)
10 2 TLD 0-10 0.0305 0.0686 0.1512 0.9889
10 2 Standard  0-10 0.0352 0.0748 0.1593 0.9882
10 3 TLD 0-10 0.0292 0.0666 0.1480 0.9892
10 3 Standard  0-10 0.0346 0.0717 0.1553 0.9892
10 3 TLD 11-17 0.0416 0.0779 0.1653 0.9841
10 3 Standard  11-17 0.0436 0.0815 0.1675 0.9824
25 2 TLD 0-10 0.0290 0.0667 0.1484 0.9892
25 2 Standard  0-10 0.0340 0.0729 0.1565 0.9887
25 3 TLD 0-10 0.0290 0.0651 0.1457 0.9896
25 3  Standard  0-10 0.0303 0.0664 0.1481 0.9897
100 2 TLD 0-10 0.0283 0.0666 0.1495 0.9895
100 2 Standard  0-10 0.0336 0.0729 0.1568 0.9889
100 3 TLD 0-10 0.0275 0.0648 0.1605 0.9901
100 3 Standard  0-10 0.0291 0.0653 0.1702 0.9901
73 (Base Model) 0.0346 0.0763 0.1642 0.9880

B.2 Replacing Global Attention with Mean Pooling

Replacing global attention with local attention adopted in the main paper is already a fairly radical
strategy. An even more aggressive alternative is to skip the attention mechanism entirely and replace
it with mean pooling over all value tokens. The justification of this simplification comes from the

attention formulation, where the attention output for each query ¢; is 0, = > ; softmax ( qyg )vj. If

the attention activations g; - k; are nearly identical across all j, then the softmax weights approach %,
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Table B: Quantitative comparison on the token-level diversity-based (TLD) selection strategy for
intra-frame downsampling with camera pose estimation on 7-Scenes [71] dataset.

K o Strategy Layers ATE (/) RPE-rot(/) RPE-trans(])
10 2 TLD 0-10 0.0578 0.3602 0.0123
10 2 Standard  0-10 0.0589 0.3675 0.0125
10 3 TLD 0-10 0.0581 0.3584 0.0122
10 3 Standard  0-10 0.0587 0.3747 0.0130
25 2 TLD 0-10 0.0576 0.3423 0.0111
25 2 Standard  0-10 0.0580 0.3430 0.0112
25 3 TLD 0-10 0.0570 0.3415 0.0111
25 3 Standard  0-10 0.0568 0.3415 0.0112
100 2 TLD 0-10 0.0573 0.3363 0.0105
100 2 Standard  0-10 0.0577 0.3369 0.0106
100 3 TLD 0-10 0.0571 0.3384 0.0106
100 3 Standard  0-10 0.0566 0.3384 0.0106
3 (Base Model) 0.0573 0.3389 0.0105

Table C: Quantitative comparison on the token-level diversity-based (TLD) selection strategy for
intra-frame downsampling with point map estimation on Neural RGB-D [3] dataset.

K o Strategy Layers Acc(]) Comp(]) NC()
10 2 TLD 0-8 0.0158 0.0119 0.7486
10 2 Standard 0-8 0.0153 0.0114 0.7477
10 3 TLD 0-8 0.0161 0.0119 0.7485
10 3 Standard 0-8 0.0145 0.0112 0.7470
25 2 TLD 0-8 0.0126 0.0112 0.7588
25 2 Standard 0-8 0.0126 0.0110 0.7561
25 3 TLD 0-8 0.0127 0.0111 0.7571
25 3 Standard 0-8 0.0126 0.0111 0.7564
100 2 TLD 0-8 0.0128 0.0113 0.7609
100 2 Standard 0-8 0.0130 0.0111 0.7596
100 3 TLD 0-8 0.0130 0.0113 0.7602
100 3 Standard 0-8 0.0129 0.0112 0.7626
VGGT (Base Model) 0.0160 0.0112 0.7508

where N is the number of total K/V tokens. In this regime, the attention calculation collapse to a
simple averaging of the all value tokens.

We implement this variant with the results reported in Table D. The performance degradation is
noticeable across many configurations, suggesting that this approximation is too crude and is not
robust enough for accelerating visual geometry transformers.

B.3 Layer Partitioning with Entropy Thresholds

To determine the thresholds for intra-frame selection strategies, we introduce two layer indices, ljocal
and lsample, Which partition the global attention layers of visual geometry transformers into groups
adopting different intra-frame strategies. A natural question to ask is that, can these partitioning rules
can be made adaptive to the input sequence?

Since the choice of ljoca1 and lsample is motivated by observations of the entropy of global attention
patterns, a straightforward extension is to use entropy on each layer to adaptively group layers for
different intra-frame strategy. Concretely, we define two entropy thresholds, 7 and 7». Starting
from the first layer, we apply the most aggressive strategy, which is to replace global attention with
local attention, until reaching the first layer where ‘H < 7. From that point, we switch to the
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Table D: Quantitative comparison on the more extreme approximation to replace global attention
layers with mean pooling. The experiments are conducted with K = 25 and o = 2 on the camera
pose estimation on Neural RGB-D [3]. Essentially, we replace the local attention (Local) in I < ljgca
with mean pooling (Pool) layers. The inferior performance with the Pool strategy demonstrates that it
is not robust enough to be instantiated in our method.

liocal  lglobal  Strategy ATE (]) RPE-rot () RPE-trans (])

1 7 Local 0.0268 0.2118 0.0170
1 7 Pool 0.0288 0.3353 0.0198
1 8 Local 0.0264 0.1946 0.0165
1 8 Pool 0.0286 0.3235 0.0195
1 9 Local 0.0266 0.1907 0.0164
1 9 Pool 0.0286 0.3163 0.0193
1 10 Local 0.0266 0.1659 0.0158
1 10 Pool 0.0280 0.2809 0.0184
2 7 Local 0.0269 0.2000 0.0169
2 7 Pool 0.0324 0.4391 0.0242
2 8 Local 0.0266 0.1847 0.0163
2 8 Pool 0.0316 0.4261 0.0236
2 9 Local 0.0267 0.1794 0.0162
2 9 Pool 0.0318 0.4248 0.0235
2 10 Local 0.0267 0.1615 0.0158
2 10 Pool 0.0310 0.3936 0.0223
3 7 Local 0.0268 0.1652 0.0160
3 7 Pool 0.0335 0.4444 0.0247
3 8 Local 0.0266 0.1548 0.0158
3 8 Pool 0.0328 0.4336 0.0240
3 9 Local 0.0267 0.1538 0.0156
3 9 Pool 0.0330 0.4348 0.0242
3 10 Local 0.0267 0.1492 0.0153
3 10 Pool 0.0322 0.4089 0.0229
VGGT (Base Model) 0.0374 0.2934 0.0186

Standard intra-frame downsampling strategy, and continue until encountering the first layer where
the inter-frame entropy drops to H < 7o.

The results are reported in Table E and Table F. While this adaptive scheme achieves competitive
performance and serves as a viable alternative for determining layer-wise strategies, we do not adopt
it in our final model for reasons similar to the 7LD strategy in Section B.1. Specifically, computing
attention entropy on-the-fly during the global attention pass introduces significant overhead, adding
approximately 7 seconds for a 500-frame scene. Therefore, although promising, we present this
approach as a reference to motivate future work on more efficient ways of leveraging entropy to
inform intra-frame strategy selection.

B.4 Intra-frame Strategy for Late Layers

Observing from the attention pattern analysis in Figure 4, we notice that several of the latest layers
also have the diluted attention patterns, which motivates us to consider: can intra-frame selection
be applied on these final layers as well? To investigate on this question, we introduce another
threshold /},te, such that intra-frame downsampling is also applied to layers with indices I > [}ate.
Results are presented in Table G and Table H. While performance can improve in certain cases, it is
generally more sensitive to the choice of /jatc, not as robust as to ligca1 and lsample as shown in Table 9
and Table I. We attribute this sensitivity to the proximity of these layers to the final output, where
small changes can have a large impact on the final performance.
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Table E: Quantitative results of using entropy thresholds to determine the intra-frame strategies for
each layer. Experiments are conducted on camera pose estimation with K = 25 and ¢ = 3 on Neural
RGB-D [3].

T1 T2 ATE () RPE-rot(]) RPE-trans ()
0.99 0.95 0.0278 0.2948 0.0185
0.99 0.92 0.0279 0.3455 0.0198
0.97 0.95 0.0271 0.1871 0.0165
0.97 0.92 0.0270 0.2405 0.0176
0.97 0.90 0.0263 0.1523 0.0155
0.95 0.92 0.0264 0.1911 0.0164
0.95 0.90 0.0262 0.1469 0.0153
0.95 0.88 0.0261 0.1455 0.0153
0.93 0.90 0.0273 0.1497 0.0156
0.93 0.88 0.0271 0.1491 0.0155
0.91 0.88 0.0444 0.2820 0.0223
GoToHunt (Ours) 0.0270 0.2409 0.0176
VGGT (Base Model)  0.0374 0.2934 0.0186

Table F: Quantitative results of using entropy thresholds to determine the intra-frame strategies for
each layer. Experiments are conducted on camera pose estimation with K = 25 and ¢ = 2 on
7-Scenes [71].

5] To ATE () RPE-rot (/) RPE-trans (])
0.99 0.95 0.0675 0.4446 0.0168
0.99 0.92 0.0675 0.4428 0.0167
0.97 0.95 0.0672 0.4471 0.0164
0.97 0.92 0.0671 0.4454 0.0164
0.97 0.90 0.0673 0.4471 0.0165
0.95 0.92 0.0672 0.4454 0.0164
0.95 0.90 0.0673 0.4471 0.0165
0.95 0.88 0.0682 0.4461 0.0161
0.93 0.90 0.0673 0.4517 0.0165
0.93 0.88 0.0682 0.4506 0.0161
0.91 0.88 0.0715 0.4880 0.0176
GoToHunt (Ours) 0.0673 0.4471 0.0165
VGGT (Base Model)  0.0698 0.4953 0.0178

C Additional Experimental Results for Sensitivity Analysis

In Section 4.3, we demonstrate that the threshold hyperparameters lioca1 and lsample are robust when
with 73 as the base model. We further verify this robustness with VGGT as the base model in Table I,
further enhancing the reliability and soundness of our method.

D Detailed Explanation on Evaluation Metrics

We provide detailed explanations of the evaluation metrics in the three tasks: camera pose estimation,
3D reconstruction, and video depth estimation as below.

D.1 Camera Pose Estimation

Absolute Trajectory Error (ATE). ATE measures the global error between the estimated trajectory
and the ground truth trajectory. Given estimated poses {7; } and ground truth poses {7} }, we compute
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Table G: Quantitative results on applying intra-frame downsampling on selected late layers determined
by l1ate. The experiments are conducted with K = 25 on the camera pose estimation on 7-Scenes [71].
liate demonstrates inferior robustness than the choices of ljocal and lsample-

o llate ATE () RPE-rot(}) RPE-trans (])
VGGT (Base Model)  0.0698 0.4953 0.0178
2 18 0.0718 0.4496 0.0166
2 19 0.0687 0.4448 0.0165
2 20 0.0686 0.4460 0.0165
2 21 0.0681 0.4453 0.0165
2 22 0.0683 0.4458 0.0165
2 23 0.0683 0.4462 0.0165
3 18 0.0758 0.4585 0.0171
3 19 0.0702 0.4481 0.0167
3 20 0.0710 0.4494 0.0167
3 21 0.0699 0.4471 0.0167
3 22 0.0699 0.4473 0.0167
3 23 0.0698 0.4478 0.0166

Table H: Quantitative results on applying intra-frame downsampling on selected late layers determined
by liate- The experiments are conducted with K = 25 on the camera pose estimation on Neural
RGB-D [3]. ljate demonstrates inferior robustness than the choices of l1oca1 and lsample-

o late ATE (J) RPE-rot(]) RPE-trans (})
VGGT (Base Model) ~ 0.0374 0.2934 0.0186
2 18 0.0315 0.2008 0.0170
2 19 0.0286 0.1842 0.0162
2 20 0.0277 0.1823 0.0163
2 21 0.0274 0.1818 0.0163
2 22 0.0273 0.1816 0.0163
2 23 0.0271 0.1820 0.0163
3 18 0.0412 0.3229 0.0236
3 19 0.0321 0.2540 0.0180
3 20 0.0311 0.2519 0.0181
3 21 0.0300 0.2463 0.0180
3 22 0.0297 0.2457 0.0179
3 23 0.0293 0.2451 0.0179

the Root Mean Square Error (RMSE) between aligned camera positions:

N
1
= I E D2

where p; and p; denote the ground truth and estimated camera centers after alignment. ATE captures
long-term drift over the trajectory.

Relative Pose Error (RPE). RPE evaluates local motion consistency over a fixed interval A. In
evaluation, we use interval A = 1, indicating that we report the relative pose error between adjacent

frames. Let T; ;4 n = Ti_lTHA and Tz‘,HA = Ti_lTH_A. Each relative transformation 75 ;4 A €
SE(3) can be decomposed as:

R;; ti
Ti,wz[ o 71+A}, (B)
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Table I: Sensitivity analysis on the layer partition thresholds ljoca1 and lsample for intra-frame selection
with K = 25 on 7-Scenes [71] using VGGT, with the hlue row indicating our current parameter
choice. Performance remains stable across a wide range of threshold choices, demonstrating that our
method is robust to these hyperparameter choices, as long as they are consistent with the observed
layer-wise attention patterns.

llocal lsample ATE (\I/) RPE-rot (\L) RPE-trans (\L)

VGGT (Base Model)  0.0698 0.4953 0.0178
1 8 0.0670 0.4433 0.0165
1 9 0.0676 0.4476 0.0167
1 10 0.0675 0.4494 0.0166
2 8 0.0671 0.4454 0.0164
2 9 0.0677 0.4495 0.0166
2 10 0.0677 0.4518 0.0165
3 8 0.0672 0.4501 0.0164
3 9 0.0678 0.4532 0.0166
3 10 0.0680 0.4539 0.0166
4 8 0.0674 0.4555 0.0167
4 9 0.0680 0.4589 0.0169
4 10 0.0681 0.4581 0.0167

where R; ;1A € SO(3) denotes the relative rotation matrix and t; ;4 A € R? denotes the relative
translation vector. RPE-rot captures the rotation error of the relative pose:

1 _ ~
RPE-rot = N Z 4 (Ri)i1+ARi,i+A) ) ©
i
where Z(-) computes the rotation angle. RPE-trans captures the translation error of the relative pose:

1 .
RPE-trans = ~ Z tiira —tiitall (D)

D.2 3D Reconstruction

Accuracy (Acc). Accuracy measures how close the predicted point cloud P is to the ground truth
point cloud P:

1
Acc = — min ||p — . E
7 > min 7= pl (E)
peEP

Completeness (Comp). On the contrary to accuracy, completeness evaluates how well the ground
truth geometry is covered by the prediction:

1
Comp = — > min [lp — f]. F
omp = 1 ergllp pll (F)

pePpE

Normal Consistency (NC). Normal consistency measures the alignment between predicted and

ground-truth surface normals. For each predicted point p € P, we find its nearest neighbor p € P in
the ground truth point cloud, and compute the cosine similarity between their normals:

NC = — 3" (n(p).n(p)). ©)

[Pl pep

where n(p) and n(p) denote the predicted and ground truth normals at p and its nearest neighbor p,
respectively.

D.3 Video Depth Estimation

Let d; and d; denote the ground-truth and predicted depths at pixel i, respectively, and N be the
number of valid pixels.
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Absolute Relative Error (Abs Rel). Abs Rel measures the absolute error normalized by the ground-
truth depth. It emphasizes relative accuracy, assigning larger penalties to errors at closer depths where
precision is typically more important:

1 \d; — d]
Abs Rel = Z - H)

Squared Relative Error (Sq Rel). Sq Rel penalizes large errors more heavily due to the squared
term. This makes it more sensitive to outliers and particularly useful for evaluating robustness when
large depth errors occur:

1 (d; — d;)?
SqRel:Nzi:T. )

Root Mean Square Error (RMSE). RMSE measures the absolute discrepancy in depth values and
strongly penalizes large deviations. It reflects overall reconstruction fidelity in the original depth
scale, but can be dominated by errors in distant regions where depth values are larger:

1 R
RMSE = /N Z(di —d;)2. )

Log RMSE. By operating in log space, Log RMSE reduces sensitivity to absolute scale and instead
emphasizes relative differences. It is particularly suitable when the depth range is large, as it balances
errors across near and far regions and better reflects perceptual quality:

1 R
Log RMSE = \/ v Z(log d; —log d;)2. (K)

Threshold Accuracy (0 < 1.25). This accuracy metric is the percentage of pixels satisfying

0; < 1.25, where
§; = max (ZZ, j:) ) L)

3

This metric evaluates the fraction of predictions that fall within a multiplicative error bound of the
ground truth. It provides an intuitive measure of reliability, indicating how many predictions are
sufficiently accurate rather than averaging errors.

E Licenses for Existing Assets

The following list contains licenses for data and model used in the paper:

¢ VGGT [83]: View the link for details
https://github.com/facebookresearch/vggt

73 [87]: BSD-3-Clause License
https://github.com/yyfz/Pi3

e 7-Scenes [71]: View the link for details

https://www.microsoft.com/en-us/research/project/
rgb-d-dataset-7-scenes/

¢ Neural RGB-D [3]: View the link for details
https://github.com/dazinovic/neural-rgbd-surface-reconstruction

* Bonn [61]: Creative Commons Attribution-NonCommercial-ShareAlike 3.0 Unported Li-
cense

https://www.ipb.uni-bonn.de/data/rgbd-dynamic-dataset/index.html
e TUM-Dynamics [73]: CC-BY-4.0 License
https://cvg.cit.tum.de/data/datasets/rgbd-dataset

The license names can also be found in the above links. As some datasets contain different licenses
for different scenes, we do not list them here one by one to save space.
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https://github.com/facebookresearch/vggt
https://github.com/yyfz/Pi3
https://www.microsoft.com/en-us/research/project/rgb-d-dataset-7-scenes/
https://www.microsoft.com/en-us/research/project/rgb-d-dataset-7-scenes/
https://github.com/dazinovic/neural-rgbd-surface-reconstruction
https://www.ipb.uni-bonn.de/data/rgbd-dynamic-dataset/index.html
https://cvg.cit.tum.de/data/datasets/rgbd-dataset

F Additional Discussions

Recently, concurrent works [23, 37, 79, 95, 108] have explored replacing the quadratic-time attention
with test-time training (TTT) [77] layers to achieve linear-time scaling in visual geometry trans-
formers. While these approaches substantially improve inference efficiency, they typically incur a
performance compromise compared to standard attention-based architectures and require considerable
computational resources to train the TTT layers. In contrast, our method is fully training-free and
can be readily applied as a plug-in to a wide range of existing models. Therefore, our approach is
complementary to these methods and can potentially be integrated with them for further efficiency
improvements, and we leave this as an interesting future work.

G Limitations

Our inter-frame selection strategy relies on features extracted by a place recognition model, which
may become less reliable in challenging scenarios such as object-centric scenes or environments with
highly symmetric and ambiguous structures. However, these settings are inherently difficult for visual
geometry transformers in general, and remain challenging even for conventional optimization-based
structure-from-motion and multi-view stereo pipelines. In addition, the capability of our approach
may get bounded by the capacity of the underlying base model. While our method substantially
improves efficiency through hierarchical token selection, it does not alter the overall inference
paradigm of visual geometry transformers. Consequently, it still faces difficulties on extremely large-
scale environments, such as kilometer-scale scenes considered in VGGT-Long [17], where additional
techniques such as chunk-based processing or recurrent inference are required. Nevertheless, our
method is orthogonal and complementary to these approaches, and can still potentially be integrated
with them to further improve their efficiency.

H Societal Impact

We expect our work to have an overall positive societal impact. By accelerating visual geometry
transformers, our method improves the accessibility of advanced 3D reconstruction technologies,
enabling individual researchers and smaller organizations with limited computational resources to
utilize these visual geometry transformers more effectively. In this sense, improving efficiency
can contribute to a more equitable and democratized Al ecosystem [45], where high-quality 3D
reconstruction systems are not exclusively accessible to institutions with extensive computational
infrastructure.

More efficient visual geometry transformers may also benefit a broad range of downstream applica-
tions with positive societal value, such as digital cultural heritage preservation. In particular, reducing
inference cost facilitates deployment on resource-constrained platforms and edge devices, enabling
efficient deployment that were previously impractical due to computational limitations.

Potential negative societal impact. We do not identify obvious negative societal impact from our
work. Potential risks may include misuse for malicious purposes such as unlawful surveillance that
harms individual privacy.
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