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Figure 1. Co-Me accelerates visual geometric transformers by selectively merging low-confidence tokens guided by a distilled confidence
predictor. When applied to VGGT and Pi3, Co-Me achieves up to 21.5x and 20.4 x speedup without retraining or architectural changes
to the ViT backbone, turning geometric transformers into real-time-capable models for 3D perception.

Abstract

We propose Confidence-Guided Token Merging (Co-Me),
an acceleration mechanism for visual geometric transform-
ers without retraining or finetuning the base model. Co-Me
distilled a light-weight confidence predictor to rank tokens
by uncertainty and selectively merge low-confidence ones,
effectively reducing computation while maintaining spatial
coverage. Compared to similarity-based merging or prun-
ing, the confidence signal in Co-Me reliably indicates re-
gions emphasized by the transformer, enabling substantial
acceleration without degrading performance. Co-Me ap-
plies seamlessly to various multi-view and streaming visual
geometric transformers, achieving speedups that scale with
sequence length. When applied to VGGT and Pi3, Co-Me
achieves up to 21.5x and 20.4x speedup, making visual ge-
ometric transformers practical for real-time 3D perception
and reconstruction.

1. Introduction

Reasoning about 3D structure from visual input serves
as a fundamental capability for intelligent systems, such

as autonomous navigation, robotic manipulation, and aug-
mented reality. Recent breakthroughs in visual geome-
try models, exemplified by VGGT [38], w3 [42], MapA-
nything [13], and DepthAnything 3 [20], have shown
remarkable progress in scene reconstruction and under-
standing tasks. However, these advances come at a sig-
nificant computational cost: Vision Transformers (ViTs)
incur quadratic complexity with respect to the input se-
quence length. This severely limits real-time deployment in
resource-constrained environments. To empower embodied
intelligence with fast and accurate 3D reconstruction, there
is a critical need for acceleration methods that preserve ge-
ometric understanding while reducing computational cost.

The main barrier of efficient ViT inference lies in the
quadratic time complexity O(n?d) of attention with respect
to the number of tokens n and feature dimension d [36].
Although efficient attention mechanisms like FlashAtten-
tion [8] reduce memory overhead, their computational com-
plexity remains high. Other than the attention, the multi-
layer perceptron (MLP) also takes a considerable amount of
computation [15]. This motivates token pruning and merg-
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ing, which directly reduces the number of tokens to mitigate
quadratic cost while maintaining similar performance.

A major line of work, exemplified by DynamicViT [28],
progressively removes uninformative tokens to accelerate
ViT inference. However, such approaches are mainly ef-
fective for inherently sparse tasks like image classifica-
tion [28, 44, 46] or segmentation [33], as discarding to-
kens in dense geometric tasks often eliminate contextual
cues required by accurate 3D reconstruction. Additionally,
these methods need costly retraining, which is impractical
as model and dataset scales grow, e.g., foundation model
like VGGT already approach a billion parameters [38].

Compared to token pruning, token merging offers a more
balanced acceleration strategy; however, existing practices
mostly rely on heuristics. For instance, ToMe [3] merges to-
kens according to feature similarity for image classification,
while FastVGGT [31] leverages both feature norms and co-
sine similarity to guide the merging process in the global
attention operator. These methods are effective in scenar-
ios with extremely long inputs, such as a 1,000-image se-
quence. However, the speedups in reality are modest since
global attention only constitutes a fraction of runtime when
using efficient attention with moderate-length sequences.

Inspired by human foveal vision [32], where high-acuity
processing targets key regions while peripheral areas are
coarsely perceived, we aim to reduce computation without
sacrificing 3D reconstruction fidelity. A key observation is
that most image tokens in ViTs do not actively contribute to
3D reconstruction. We further find that the high-confidence
region predicted by the network strongly correlates with the
region that the ViT emphasizes. In contrast, low-confidence
regions often correspond to background, which provides
coarse contextual cues rather than precise geometric esti-
mation. Moreover, these regions exhibit poor quality and
are typically discarded by downstream tasks like 3D recon-
struction [9, 13, 38] or visual SLAM [27]. These findings
raise a fundamental question: How can we identify and re-
duce redundant tokens in visual geometry transformers
without compromising geometric fidelity?

In this work, we propose a novel confidence-guided to-
ken merging approach for accelerating visual geometric
transformers. We observed that the confidence jointly es-
timated from the visual geometric model suggests the nec-
essary information for scene understanding. Based on this
observation, we distilled a confidence module that pre-
dicts per-patch confidence rankings in self-supervised man-
ner. Guided by the distilled confidence, our method se-
lectively merges low-confidence tokens, reducing compu-
tation in both the attention and MLP without sacrificing re-
construction quality. Compared to existing methods, our
method preserves high-fidelity results in geometrically crit-
ical areas while significantly reducing the inference time.
This efficiency further enables practical on-device deploy-

ment: when integrated with MapAnything, our accelerated

model runs on an NVIDIA Jetson Thor at 3.5FPS with

chunked 4-frame input and is 1.5x faster than the original
model, showing its suitability for real-time deployment.
The main contributions of this work are:

* We propose a novel confidence-guided token merging
method that selectively merges tokens in low-confidence
regions, delivering significant acceleration without re-
training or architectural changes to the foundation model.

* We introduce a self-supervised confidence distillation
module that estimates per-patch confidence rankings from
intermediate encoder features to guide token merging.

» Experiments show that our method produces consistent
speedup across various visual geometry transformers and
input conditions with minimal performance degradation.

* We implement a CUDA kernel and TensorRT [25] plu-
gin to minimize the runtime overhead. We have further
deployed and validated our method on the edge device.

2. Related Works

2.1. Visual Geometric Transformer and Confidence

Visual geometric transformers have revolutionized geomet-
ric understanding by enabling single-pass 3D reconstruc-
tion without iterative optimization. DUSt3R [40] first
demonstrated the pairwise 3D point-map regression, while
MASt3R [19] incorporated explicit confidence modeling
to improve geometric reliability. Recent extensions, in-
cluding MUSt3R [5], Spann3R [37], CUT3R [39], and
more [11, 12, 17, 22, 43] further generalize this paradigm
to multi-view and streaming settings. Built upon these de-
velopments, VGGT [38] and more [13, 20, 42] unify cam-
era pose, intrinsics, depth, and point-map prediction within
a 1B-parameter ViT, thereby culminating the feed-forward
paradigm and achieving state-of-the-art 3D reconstruction.
Crucially, these visual geometric transformers inherently
predict confidence maps that quantify the reliability of their
predictions [13, 20, 38, 42]. High-confidence regions typ-
ically correspond to well-textured and stable areas where
multi-view cues are consistent, while low-confidence re-
gions emerge in occluded, textureless, or ill-posed zones
such as sky or reflective surfaces [14, 26, 27]. Despite
this rich confidence information, current models allocate
uniform computation to all tokens, leading to inefficiency
where equal resources are allocated to both geometrically
reliable and uncertain regions. Such uniform processing
paradigm offers an opportunity for acceleration, given the
quadratic complexity of ViT with respect to token count.

2.2. Token Pruning and Merging

Recognizing that token importance varies across different
regions, many studies accelerate ViT inference by process-
ing tokens non-uniformly, primarily in 2D vision tasks such
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Figure 2. Overview of Co-Me. A lightweight module distilled from the frozen ViT backbone predicts per-token confidence from interme-
diate features. The predicted confidence is converted into a binary mask that guides token merging on the attention and MLP modules.

as image classification and segmentation. These approaches
adapt the number of active tokens and generally fall into two
categories: token pruning and token merging.

Token pruning methods dynamically drop tokens dur-
ing inference to improve computation efficiency. Pro-
gressive pruning methods such as SparseViT [7], Dynam-
icViT [28], and A-ViT [45] estimate token importance and
selectively remove less significant tokens during forward
passes, achieving substantial speedups in image classifica-
tion. However, Liu et al. [21] revealed the fundamental lim-
itation of token pruning on dense prediction tasks such as
instance segmentation. Their study shows consistent perfor-
mance degradation, which could only be partially alleviated
by token reactivation strategies. Token pruning fundamen-
tally suffers from spatial information loss, critical for main-
taining spatial resolution and per-pixel consistency required
by dense tasks like 3D reconstruction.

Token merging offers a promising alternative that ag-
gregates similar tokens instead of discarding them. While
this strategy preserves spatial coverage, it achieves a lower
acceleration ratio due to the retained tokens. ToMe [3]
pioneered training-free acceleration for off-the-shelf ViTs
by merging tokens based on feature similarity, while ad-
vanced techniques like TokenLearner [29], PuMer [6], and
ToFu [16] further refined the merging process for vari-
ous applications. FastVGGT [31] introduces similarity and
norm-based token merging in the global attention of vi-
sual geometric transformers, but its acceleration remains
limited since it requires an extremely long input sequence
(1,000 frames) to yield a notable speedup. Our approach
builds upon token merging while overcoming its limitations
through two key innovations: a distilled confidence module
that predicts per-token confidence to guide processing, and
a confidence-guided merging strategy that preserves preci-
sion for 3D reconstruction with significantly less compute.
This confidence-guided paradigm represents a novel inter-
section of geometric understanding and computational ef-
ficiency, accelerating visual geometric transformers with-
out finetuning the base ViT while addressing the unique de-

mands of real-time 3D reasoning for embodied intelligence.
3. Method

Mlustrated in Fig. 2, Co-Me contains two stages. In the first
stage, we distill a light-weight confidence prediction mod-
ule from the original ViT model (Sec. 3.1). In the second
stage, we use the predicted per-patch confidence score to
generate a merge mask during inference, and use this mask
to guide the token merging and splitting (Sec. 3.2). Addi-
tionally, we employed several efficient implementations to
minimize the overhead of token merging (Sec. 3.3).

3.1. Confidence Distillation

To avoid the dilemma of needing result of full inference to
accelerate inference, token merging must rely on confidence
estimates available beforehand. Since the encoder features
already contain rich cues of confidence estimation, we dis-
till a model that predicts per-token confidence from these
features. This enables confidence-guided merging in the re-
maining part of the network. Formally, given a network F
that predicts a confidence map C with input z, we split it into
two parts F = fy o fi. The goal is to distill a lightweight
network f”: Im f; — C’ that estimates per patch confidence
map C’, which resembles C on the token-level. Importantly,
we never update or back-propagate through the visual geo-
metric model F; all training is confined to the predictor f”.

Model Design The confidence predictor consists of three
lightweight components. First, an MLP layer projects en-
coder features into a compact latent space. Next, a single-
head attention captures interactions between patches across
frames, enabling global reasoning at low computational
cost. Finally, a Conv2D head compresses the tokens into
a confidence map while suppressing spatial noise and pro-
moting smoother predictions. Such a distilled module only
adds less than 2% runtime compared to the full network.'
Since the confidence predictor has limited modeling ca-
pacity, we relax supervision so that it focuses on learning

'Measured on VGGT under input sequence length of 128.
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Figure 3. The proposed mask generation (left) and accelerated inference block (right). Each image sequence generate an individual mask
via confidence ranking and bottom-p selection, with per-image token counts varies within the sequence. To inference efficiently over
non-uniform batch, We implemented a FlashAttention variant that supports attention bias correction with variable sequence lengths.

relative confidence ordering between tokens. This relax-
ation is valid because Co-Me only requires knowledge of
the relative ordering to identify which tokens exhibit lower
confidence than others. Specifically, we employed a logis-
tic ranking loss [4] instead of the direct mean square error
(MSE), and we define the loss function £(C’,C) as:

1
] Z log (1 + exp(C; — C7))),
(i,§)EP (D

P ~ UniformSubset({(4,5) | C; > C;}).

£(C,C) =

Where Avg(-) represents the average pooling that takes the
average over all pixels in each patch as the patch’s overall
confidence score. We further verify the advantage of this
relaxed loss function over direct MSE loss in Appendix B.2.

Training Details Since the distillation aims to replicate
the confidence of the original ViT model, the training is en-
tirely self-supervised and does not rely on any ground-truth
labels. For the experiments in this paper, we used the Tar-
tanAir [4 1] dataset, a synthetic dataset containing more than
500,000 sequential images from diverse environments and
motion patterns, for confidence distillation. The distillation
converges within approximately 2,000 steps and takes less
than an hour on a single NVIDIA H100 80G HBM3 GPU”.
For all visual geometric transformers, we insert the con-
fidence predictor at the middle of the encoder as this pro-
vides a good trade-off between confidence prediction qual-
ity and acceleration. We provide an ablation on layer selec-
tion in Appendix B.1. In all experiments in this paper, the
predictor generalizes to unseen data without finetuning.

3.2. Confidence-Guided Token Merging

The key insight is that merging low-confidence tokens
barely affects the predicted geometry in high-confidence re-
gions. Since we can receive a confidence prediction only af-
ter inference on f1, all operations described in this section
are only applied to the remaining part f; of the network.

Mask Generation Illustrated in Fig. 3, we construct a
binary merging mask under a predefined parameter merge

2We generate the input-confidence dataset beforehand and do not count
inference time of acceleration target (e.g. VGGT) in the training time.

ratio p from predicted per-token confidence scores. We
first partition tokens along the spatial order into fixed-size
groups of n image tokens. For each group, if the average
confidence falls below the p-th percentile across all groups
in the image sequence, it is marked for merging. This design
allows variable merge ratio across images in the sequence,
aligning with the real world use case where certain images
in a sequence may contain more information than others.

Token Merging Before inference on f5, we apply token-
merging to reduce the number of tokens and thereby accel-
erate inference. In the merge operator, each group of image
tokens is either aggregated by taking average of all tokens in
the group or preserved based on the merge flag. Formally,
for a group of n tokens Gj, if the merge flag m; is true, we
replace the group with their average; otherwise, G; remains
unchanged. This operation is applied to all groups, and the
results are concatenated into a contiguous tensor:

{7 Xeeq, ot ifm
G; otherwise (2)
Merge({G;}, {m;}) = Cat({MergeGrp(G;,m;)})

MergeGrp(G;,m;) = {

Token Splitting After inference on f5, the processed to-
ken sequence is restored to its original shape through a split-
ting step. If a processed token group G, was not merged in
the previous step, we copy it to its original position; other-
wise, we replicate the merged token G, = {z} for n times
and place them at their original index.

{z,...,x} ifmy
G otherwise 3)

Split({G7}, {mi}) = Cat({SplitGrp(G;, m:)})

SplitGrp(G}, m;) = {

Such replication-based splitting, inspired by ToMeSD [2],
allows Co-Me to reduce computation cost while maintain-
ing compatibility with downstream prediction heads.

Attention Bias Correction As shown in Fig. 4, merg-
ing tokens into one concentrates multiple attention weights
into a single entry. This causes the softmax operator to sup-
press that entry’s normalized attention weight and distorts
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Figure 4. Effect of attention bias correction. Merging tokens dis-
torts the weight distribution after softmax operator (left). Adding
bias term log n aligns the merged distribution with original (right).

the distribution. To counteract this, we introduce an atten-
tion bias correction that compensates for the merged en-
tries. Specifically, for a merged group with n tokens and
raw attention logit a;, we add a bias term logn to get the
corrected a; = a; + logn. Since softmax is exponential,
adding log n to the merged logit scales its weights by n and
effectively restores the same total mass that n individual
logits contributed before:

eai—&-logn ek

Zj ea; ~ Z Zj e .

keqG;

“4)

softmax(a;) =

This correction realigns the post-softmax attention weights
distribution with the original distribution. Although the at-
tention bias introduces additional memory access and slows
down the attention operator, our ablation in Sec. 5, H4.
demonstrates that it significantly improves the performance.

3.3. Efficient Implementation

To minimize runtime overhead, we adopt several engi-
neering optimizations. First, we create a variable-length
FlashAttention [10] kernel that supports per-key attention
bias correction. Second, we exploit this deterministic in-
dex relation between original and merged token indices to
perform merge and split without the expensive Cat opera-
tor. This index compute is further accelerated with a single-
pass exclusive scan [23]. Lastly, we create TensorRT plugin
for our CUDA kernels to minimize the latency on resource-
limited edge platforms.

4. Experiments

In this section, we show that our method accelerates both
the VGGT [38], 73 [42], MapAnything (MA) [13], and
DepthAnything 3 (DA3) [20] with minimal performance
change across three downstream tasks on NYUd-v2 [24],
ETH3D [30], DTU-MVS [1], KITTI Depth [34], and
RealEstate-10K [47]. These datasets span diverse domains,
covering both indoor and outdoor scenes with varying mo-
tion, depth range, and length, thus providing a comprehen-
sive evaluation of our method.

4.1. Experiment Setup

Baselines We evaluate Co-Me by applying it to VGGT, 72,
MapAnything, and DepthAnything 3 to measure speedup
and performance on depth, camera pose, and point cloud
prediction tasks. For a fair comparison, we strengthen
the VGGT baseline by replacing its naive attention with
FlashAttention and incorporating the VRAM optimization
trick from FastVGGT, yielding an enhanced version de-
noted as VGGT*. Other methods already use an efficient
fused attention, so we didn’t modifiy their implementation.
For simplicity, we evaluate all baselines with image-only in-
put despite some has the ability to receive additional modal-
ity as pre-conditioning, potentially improves the output.
Both our method, FastVGGT, and ToMeSD [2] use a hy-
perparameter in the range (0, 1) to control the merge ratio.
We set the merge ratio to 0.5 for Co-Me and ToMeSD, and
0.9 for FastVGGT, following the default value in its offi-
cial implementation. This setup is more favorable to the
FastVGGT baseline, as a higher merge ratio allows more
aggressive token reduction. We fix the group size nto 3 x 3
for all experiments in this paper unless otherwise stated.

Environment All experiments are conducted on NVIDIA
H100 80GB HBM3 GPU and Intel Xeon 8468 CPU.

4.2. Depth Estimation

Depth estimation aims to predict a dense per-pixel depth
map from one or multiple input images. We evaluate our
method on both monocular and multi-view settings, follow-
ing same input setup as the original models, respectively.

Metrics We employed L1 and §; 25 as depth estimation
metrics to capture the absolute and relative depth accuracy.
Global scale alignment is applied to resolve the scale am-
biguity. For all methods, we only evaluate regions where
tokens are not merged by our method to ensure a fair com-
parison. Specifically, given the ground truth depth d and
predicted depth d, the metrics are defined as:

1o s
leﬁg\di—di

N ~
1 d; d;
0125 = N ; 1 [ma}{(di’ cf) < 1.25] )

)

®)

7
where 1[-] is the indicator function.

Performance Tab. | shows the monocular depth estima-
tion result on NYUd-v2 and ETH3D and multi-view depth
estimation result on DTU-MVS and KITTI Depth. Our
method achieves up to up to 5.1x speedup even in single-
frame input scenario, where ToMeSD and FastVGGT are
either slower than original model or simply fails. In multi-
view depth estimation task, our method continuously de-
liver the best speedup, significantly surpass other baseline
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NYUd-v2 (1 Frame)

ETH3D (1 Frame)

DTU-MVS (32 Frames)

KITTI Depth (48 Frames)

Method Latency Speedup L1} 4125 T ‘ Latency Speedup L1}  d195 T ‘ Latency Speedup LI1J* d1.95 7 ‘ Latency Speedup L1] 01951
VGGT 66.7 1.00x  0.186  0.940 68.4 1.00x 0254  0.959 6094 1.00x  0.89  0.990 | 13045 1.00x  4.647 0562
VGGT* 56.1 1.18x  0.186  0.940 59.8 1.14x 0254 0.959 1266 481x  0.89  0.990 2281 572x 4647  0.562
ToMeSDy 5 139 048x 0221 0925 140 048x 0238 0.959 1091 559%x 093  0.990 1813 7.19x 4660 0.550
Fast VGGT - - - - - - - - 2003 3.04x 094  0.990 3416 3.82x 4611 0.562
Ours 61.5 1.09x 0225 0918 60.3 1.13x  0.261 0.964 788 7.73% 1.10  0.987 1313 9.94x 4727 0.558
s | 569 1.00x  0.171 0948 58.1 1.00x 0257 0.953 4648 1.00x 1.63  0.987 10139 1.00x  4.684 0.589
Ours 422 1.09x 0221 0928 49.0 1.19x 0270 0.948 718 647x 209 0.983 1162 8.72x 4966 0.559
DA3-Giant \ 52.8 1.00x 0272  0.899 53.1 1.00x 0314 0.956 1576 1.00x 140 0.986 2461 1.00x 4405 0.607
Ours 51.9 1.02x 0463 0.792 51.3 1.04x 0350 0.928 692 2.28x% 1.78  0.984 1112 221x 4453  0.590
MA | 200 1.00x 0428 0.898 195 1.00x 0421 0.939 5997 1.00x 459  0.965 9213 1.00x  8.867 0.280
Ours 38.7 517x 0417 0.889 40.5 481x 0445 0.929 451 133x 680 0.884 728 127x  10.01 0252

*DTU-MVS shows L1 depth error in unit of cm to preserve sufficient significant digits.

Table 1. Evaluation of Latency (ms), L1 depth error (m), and 1. 25 (unitless) of depth estimation with scale alignment over NYUd-v2, ETH3D, DTU-
MVS, and KITTI Depth datasets. FastVGGT does not support inferring single image.

methods while maintaining comparable performance in L1
and 61.25.

Analysis Speedup and accuracy retention vary across
datasets. In KITTI, image tokens have less spatial overlap,
so token merging causes larger information loss. In con-
trast, datasets like NYUd-v2 and DTU have more redundant
fields of view, allowing our method to be more effective.

4.3. Pose Estimation

The pose estimation task seeks to predict the 6-DoF camera
positions and orientations for all input views, providing a
consistent frame for 3D reconstruction and understanding.

Metrics Following VGGT [38], we employed area under
curve for relative translation accuracy at 10cm (AUCY ) and
relative rotary accuracy at 10° (AUCY)) as pose evaluation
metrics. Sim(3) Umeyama alignment [18] is applied to re-
move scale and reference frame ambiguity. Specifically, the
metrics are defined as follows:

|7>| 1[lts; -
IPI
where fi7 j and ¢; ; denote the predicted and ground-truth rel-
ative translation between frame ¢, j and R, ;, R; ; the cor-

responding rotations. Z(-) measures the geodesic angle be-
tween rotations and P includes all unordered camera pairs.

AUCtl fi)j”g < 33] dz

i,jEP

(6)

AUCT, = [4(1%;; Rij) < x} dz,

i,jEP

Performance Tab. 2 reports the performance on DTU
and RealEstate-10K> (RE10K). Compared to VGGT, our
method achieves 7.72x and 16.2x speedups on DTU (32
frames) and REIOK (128 frames) with minimal drop in
AUCY, and AUCY,. Comparing to FastVGGT, our method
attains higher acceleration with comparable pose accuracy.

Analysis We further analyze the variation in pose esti-
mation accuracy across datasets. RE10K’s straight, hand-
held trajectories allow easier relative pose estimation, while

3We only evaluate on the first 100 samples due to runtime limitation.

DTU-MVS (32 Frames) RealEstate-10K (128 Frames)

Method ‘ Latency Speedup AUCY, AUCY, | Latency Speedup AUC;, AUC!,
VGGT 6081 1.00x 0.974 0.981 90875 1.00x 0.991 0.903
VGGT* 1267 4.80x 0.974 0.981 11407 7.97x 0.990 0.902
ToMeSDg 5 1091 5.57x 0.963 0971 7643 11.9x 0.985 0.879
Fast VGGT 1998 3.04x 0.950  0.980 16255 5.59% 0.990  0.900
Ours 788 7.72% 0.958  0.963 5619 16.2x 0.984  0.869
s 3197 1.00x 0.965 0.938 69587 1.00x 0.993 0.944
Ours 824 3.88x 0.946  0.902 4702 14.8x 0.987  0.892
MA 5988 1.00x 0.794  0.638

Ours 452 13.2x 0.740  0.601

DA3-Giant 1573 1.00x 0.963 0.970 10568 1.00x 0.992 0.944
Ours 709 2.22x 0.937 0939 4662 2.27x 0.984  0.894

Table 2. Latency (ms), Area Under Curve for relative rotation accuracy
at 10deg (AUCY ) and relative translation accuracy at 10cm (AUCIO) for
pose estimation with global Sim(3) alignment on DTU and RE10K. Ma-
pAnything OOMs when running RE10K.

DTU’s SfM sampling trajecotry introduces more diverse
viewpoint shifts and featureless background making pose
estimation more challenging.

4.4. Point Cloud Estimation

Point cloud estimation aims to reconstruct a dense and ge-
ometrically consistent 3D representation of the scene from
multi-view inputs, serving as a core task for 3D vision.

Metrics We employed the completeness and accuracy
from the Chamfer distance to evaluate the predicted point
cloud. To remove global scale and reference-frame ambi-
guity, we apply a global Sim(3) Umeyama alignment [35]
to align the predicted point cloud to the reference point
cloud. Let P and G denote the aligned aligned predicted
and ground-truth point sets, the completeness and accuracy
are defined as:

Comp(P,G) = |G| Zmln lg — pll2,

)

Ace(P,G) = mm llp — gll2-

IP\
Similar to depth evaluation, for all methods, we only evalu-
ate regions where tokens are not merged by our method.

Performance Tab. 3 summarizes results on DTU and
ETH3D. On DTU (32 frames), our method achieves a
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DTU-MVS (32 Frames) ETH3D (16 Frames)

Method ‘ Latency Speedup Comp.| Acc.| | Latency Speedup Comp.| Acc.|
VGGT 6103 1.00x 0.31 0.30 1752 1.00x 21.0 20.7
VGGT* 1284 4.75x 0.31 0.30 505 3.47x 21.0 20.7
ToMeSDy 5 1095 5.57x 0.32 0.29 514 3.41x 19.2 18.7
Fast VGGT 2001 3.05% 0.33 0.30 905 1.94x 20.8 24.5
Ours 792 7.71x 0.40 0.31 362 4.84x 223 25.7
s | 1577 1.00x 0.45 0.38 1391 1.00x 20.8 17.0
Ours 728 2.17x 0.50 0.37 338 4.12x 18.9 16.8
MA 6023 1.00x 0.85 0.50 2903 1.00x 27.5 18.7
Ours 587 10.3x 0.98 0.56 254 11.4x 26.1 20.6
DA3-Giant ‘ 1593 1.00x 0.48 0.31 948 1.00x 26.1 232
Ours 687 2.32x 0.53 0.38 347 2.73% 27.6 25.0

Table 3. Latency (ms), Completeness (cm) and Accuracy (cm) for point
cloud estimation with global Sim(3) alignment on DTU and ETH3D
datasets. On ETH3D, our method outperforms 73 while being 4 x faster.
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Figure 5. Acceleration ratio of Co-Me-accelerated VGGT across
sequence lengths. The speedup increases with sequence length and
reaches up to 10.5x on 128-frame input sequence.

7.71x speedup, while maintaining essentially identical ac-
curacy with a slight drop in completeness. On ETH3D
(16 frames), we observe a 4.84 x speedup at similar perfor-
mance level as VGGT. For 73 and MA, our method yields
substantial acceleration, while the gains for DA3 are more
limited due to its comparatively shallow architecture.

Analysis DTU’s redundant viewpoints enable efficient ac-
celeration with minimal impact, whereas ETH3D shows im-
proved performance for several accelerated models, as Co-
Me removes low-confidence tokens that would otherwise
introduce noise in wide-baseline reconstruction.

S. Analysis

We organize our analysis around six hypotheses to examine
the efficiency and effectiveness of Co-Me. Together, they
reveal how Co-Me achieves robust acceleration across vari-
ous visual geometric models with little performance drop.

H1 The speedup of Co-Me scales with input size.

Fig. 5 illustrates the acceleration ratio over varying se-
quence lengths from 1 to 512, measured relative to the orig-
inal VGGT baseline. Our method, when running on a merge
ratio of 0.5, reaches up to 21.5x on 512-frame sequences,
consistently outperforming FastVGGT and VGGT*. No-
tably, our approach also provides measurable accelera-
tion even on single-frame inputs, where methods such as
FastVGGT offer no benefit. This demonstrates that the pro-
posed acceleration mechanism is effective across different

Ours
6 . More speedup,
Merge by Sim Less performance
) ®.
Pick-one ~~.__ drop
o Drop-all N
34
(]
[
Q.
wn
VGGT*
VGGT
0 10-2 107! 10°

AL1 Error (cm)
Figure 6. Performance v. Speedup trade off curves on multi-view
depth estimation by various merging thresholds on the DTU-MVS
dataset with 32 frames. Our method delivers the optimal speed-
performance tradeoff.
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Figure 7. Adding attention bias correction improves performance
across tasks. On DTU multi-view depth (left), our method reduces
ALLI error by 4x. On RE10K pose (right), the attention bias cor-
rection continuously offers a better performance-speed tradeoff.*

sequence lengths and scales favorably with longer inputs.

H2 Co-Me is better than similarity-based merging.
Prior approaches, such as ToMe [3] and ToMeSD [2],
merge tokens based on cosine similarity without using con-
fidence information. We therefore investigate how similar-
ity based approaches perform in comparison to our method.
To this end, we establish a baseline method Merge by
Sim, which uses token similarity instead of predicted con-
fidence for merge mask. Specifically, tokens with average
cosine similarity above (1 — p)-percentile threshold when
the merging ratio is set to p. We plot the speedup—accuracy
trade-off curve on DTU multi-view depth estimation task
with p € [0.2,0.9] in Fig. 6. Results indicate that our
method yields a superior trade-off curve, achieving lower
error increments than Merge by Sim at the same speedup.

H3 Merging is better than dropping or picking tokens.
We further explore whether averaging tokens offers a
stronger coalescing scheme. We evaluate two alternatives
to merging: 1) Pick-one, which randomly selects one token
from each low-confidence group, and 2) Drop-all, which
removes low-confidence tokens entirely. We present the
speed-accuracy trade-off curve of these setups in Fig. 6. Re-
sults show that averaging via merging is significantly more
robust, leading to over 10x smaller performance degrada-
tion compared to the pick or drop variants. This reveals the
important role of low-confidence tokens in visual geometric
transformers for providing vague contextual information.
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Figure 8. Predicted 3D reconstruction (left) and depth (right) of
Co-Me-MapAnything on edge device in real time. Despite ag-
gressive merging, the model produces consistent reconstruction.

DINO SDPA
DINO Linear

g Frame SDPA

o Frame Linear
Global SDPA
Global Linear
CoMe Overhead

100 1 Others

o Ll e
MapAnything Oursg s

Figure 9. NVIDIA Jetson Thor andthe Zed 21 stereo cam-
era payload for real-world deployment test. Co-Me accelerates the
MapAnything by 1.5x and achieves 3.5FPS update rate.

H4 Attention bias correction improves accuracy.

To demonstrate the necessity of attention bias correction,
we conducted an ablation study by removing the bias cor-
rection term from Co-Me while keeping all other compo-
nents identical. The evaluation was performed on multi-
view depth estimation (DTU) and pose estimation (RE-
10K). As shown in Fig. 7, excluding the bias term reduces
the runtime overhead by avoiding additional memory access
and element-wise addition, resulting in a slight speedup.
However, this comes at the cost of a substantial performance
degradation. The results highlight a clear trade-off: the
attention bias correction introduces minor computational
overhead but significantly improves the overall accuracy.

HS5 Co-Me yields practical speedups on edge devices.

To assess real-world feasibility, we deploy MapAnything
and our Co-Me-accelerated variant on an NVIDIA Jetson
Thor with a Zed stereo camera. The system processes
streaming inputs in fixed 4-image segments and registers
each reconstruction in a global frame to emulate an online
visual-odometry pipeline. As illustrated in Fig. 8, the sys-
tem produces consistent 3D reconstructions and accurate
depth over high-confidence, unmerged regions.

Under this setup, the accelerated model achieves a 3.5
FPS update rate, providing a 1.5x speedup over the origi-
nal MapAnything. This offers near real-time responsiveness
under edge compute platform, demonstrating that Co-Me
delivers practical acceleration. We show runtime decompo-
sition and payload in Fig. 9, more detail in Appendix C.

H6 With efficient attention kernel, MLP become the

x103 X103

DINO SDPA
DINO Linear
0.84 Frame SDPA
Frame Linear
Global SDPA
Overhead (not visible): 0.6 Global Linear
49.38 ms, 2.0% CoMe Overhead

0.4 4 Others
Overhead (not visible):

229.09 ms, 1.8%
0.2 4

IS o
L L

Runtime (ms)

N}
N

0.0

VGGT VGGT* Oursgs Oursg g
128 Frames

VGGT VGGT* Oursg s Oursgg
32 Frames

Figure 10. Runtime breakdown of VGGT, VGGT*, and Co-Me
accelerated VGGT* with p = {0.5,0.9}. When using efficient
attention implementation, the MLPs account for a significant pro-
portion of the runtime in network inference. Co-Me can accelerate
all modules in the network with minimal system overhead.”

new bottleneck for ViT acceleration.

Co-Me applies token merging not only on the scaled dot
product attention (SDPA) but also the MLPs. We hypoth-
esize that with an efficient attention implementation, the
fraction of runtime attributable to the SDPA is significantly
reduced, motivating the acceleration on MLPs.

In Fig. 10, we show the detailed runtime decomposi-
tion of VGGT, VGGT*, and Co-Me with merge ratio p =
{0.5,0.9} and sequence lengths of 32 and 128. In vanilla
VGGT, SDPA dominates the runtime. However, with the
efficient SDPA, linear layers still take a considerable por-
tion of inference time even under long, 128-frame input.
This trend highlights MLP become the new bottlenecks as
the SDPA is thoroughly optimized by previous works.

Moreover, the efficient implementation in Sec. 3.3 en-
sures Co-Me incurs negligible overhead in Fig. 10, account-
ing for & 2% of inference time on the accelerated VGGT.

6. Conclusion

We presented Confidence-Guided Token Merging (Co-Me),
a novel method to accelerate visual geometric transform-
ers by merging low-confidence tokens guided by a distilled
confidence predictor without retraining or finetuning the
base model. When applied on VGGT, Co-Me achieves up
to 21.5x speedup while preserving accuracy in depth, pose,
and point estimation. We also demonstrate that Co-Me is
generalizable by applying it to four state-of-the-art models,
where Co-Me demonstrates exceptional acceleration while
maintains comparable performance with original models.

Future extensions of this work include generalize the
merging guidance signal from geometric-confidence to
task-relevance for vision-language and vision-language-
action models, applying merging to time dimension for
streaming inputs in robotics application, and utilizing Co-
Me in the training time to improve training efficiency.

4Evaluated on RTX 5090, might be different from results on H100.
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