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Abstract

While recent feed-forward 3D reconstruction models accel-
erate 3D reconstruction by jointly inferring dense geome-
try and camera poses within a single forward pass, their
reliance on dense attention imposes quadratic complexity,
creating a computational bottleneck that limits inference
speed. To resolve this, we introduce Speed3R, an end-to-end
trainable model inspired by the core principle of Structure-
from-Motion: that a sparse set of keypoints is sufficient for
robust pose estimation. Speed3R features a dual-branch at-
tention mechanism in which a compression branch gener-
ates a coarse contextual prior to guide a selection branch,
which applies fine-grained attention only to more informa-
tive image tokens. This strategy mimics the efficiency of tra-
ditional keypoint matching, achieving a remarkable 12.4x
inference speed-up on 1000-view sequences, while intro-
ducing a minimal, controlled trade-off in geometric accu-
racy. Validated on standard benchmarks with both VGGT
and > backbones, our method delivers high-quality recon-
structions at a fraction of computational cost, paving the
way for efficient large-scale scene modeling.

1. Introduction

Classical 3D reconstruction methods are fundamentally
rooted in the principle of sparsity. They traditionally begin
with the detection and matching of a sparse set of salient
keypoints. Early methods relied on handcrafted descrip-
tors [2, 10, 21, 27, 28] to establish 2D correspondences
across views. Initial geometric relationships are estimated
from these matches, followed by a large-scale, iterative op-
timization Bundle Adjustment [13], which refines both the
camera parameters and the sparse 3D structure. This multi-
stage process, exemplified by highly successful and robust
systems [24, 29, 30], demonstrates a core insight: a sparse,
carefully selected set of 2D features is sufficient to estab-
lish robust geometric constraints and reconstruct an accu-
rate sparse point cloud.
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Figure 1. Performance comparison of different methods.

CO3Dv2 pose estimation accuracy vs. sparsity ratio, highlight-
ing the trade-off between sparsity and accuracy. The Ideal Region
marks the desired balance of high accuracy and high sparsity.

Recently, the advent of feed-forward models [39, 42, 43,
47] has revolutionized 3D reconstruction, enabling the joint
inference of dense geometry and camera poses from multi-
ple views in a single network pass. These methods, often
built upon powerful end-to-end vision transformer architec-
tures [11, 23], bypass the complex, multi-stage pipelines of
classical approaches like Structure-from-Motion (SfM) and
Multi-View Stereo (MVS). However, this progress comes at
a price. The dense global attention along all image tokens
imposes a quadratic complexity with respect to the num-
ber of input image tokens. This creates a prohibitive com-
putational bottleneck that severely limits inference speed,
making the processing of a large number of views or high-
resolution images intractable.

To relieve the computational bottleneck, we propose
Speed3R, an end-to-end trainable model that accelerates in-
ference while retaining the benefits of feed-forward recon-
struction. Our approach integrates two key inspirations: the
classical Structure-from-Motion (SfM) principle that robust
geometric estimation relies on sparse keypoints rather than
dense pixel comparisons, and the success of sparse atten-



tion in Large Language Models [12, 22, 50] and Video Dif-
fusion Models [6, 52]. Speed3R operationalizes these in-
sights through a dual-branch attention mechanism. A com-
pression branch generates a global scene summary, guiding
a selection branch that performs fine-grained attention on a
small subset of informative tokens. This design emulates
traditional keypoint-based methods, concentrating compu-
tation where it is most impactful, and achieves significant
efficiency gains without sacrificing accuracy.

Through this tailored sparse attention mechanism,
Speed3R achieves a remarkable 12.4x inference speed-
up on 1000-view sequences. Our extensive experiments
demonstrate that this substantial acceleration is achieved
while introducing only a minimal and controlled trade-off
in geometric accuracy, establishing a new Pareto-optimal
frontier in the efficiency-fidelity landscape. We validate the
generalizability of our method by integrating it with state-
of-the-art backbones, including VGGT [39] and w3 [43],
and demonstrate consistently superior performance on stan-
dard benchmarks than training-free methods. With zero-
shot test-time adaptation, our method can outperform dense
models on long sequences. By rethinking the attention
mechanism for the global attention layer, Speed3R deliv-
ers high-quality reconstructions at a fraction of the compu-
tational cost, paving the way for efficient large-scale scene
modelling. Overall, we make the following contributions:

* We propose Speed3R, a novel dual-branch feed-forward
reconstruction model with a trainable sparse attention
mechanism that mimics classical SfM by focusing com-
putation on a small, informative subset of tokens.

* We achieve a new SoTA in the efficiency-accuracy trade-
off, demonstrating a 12.4x speedup for a 1000-view se-
quence with minimal impact on geometric accuracy.

e We validate the generalizability of Speed3R, showing
that it integrates with various backbones and outperforms
competing training-free methods.

2. Related Work

Optimization-based Multi-view Reconstruction. Tradi-
tional 3D reconstruction methods operate on a sparse-to-
dense paradigm. The process begins with Structure-from-
Motion (SfM) [24, 29], where a sparse set of matched key-
points [2, 21, 27] is used to optimize camera poses and
a sparse point cloud via bundle adjustment [13]. This
sparse geometric backbone is then densified using Multi-
View Stereo (MVS) algorithms [30]. While deep learning
has modernized this pipeline with learned feature match-
ers [18, 28], learned MVS cost volumes [48, 53], and dif-
ferentiable optimization [34, 38], the core methodology re-
mains dependent on an initial sparse representation and it-
erative optimization, making it inherently slow and compu-
tationally demanding.
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Feed-forward 3D Reconstruction. Recent end-to-end
3D reconstruction methods facilitate the simultaneous es-
timation of camera poses and dense scene geometry within
a single neural network forward pass. This paradigm, pi-
oneered by DUSt3R [42] for pairwise input, was quickly
refined with dedicated feature heads for improved match-
ing (MASt3R [17]) and extended to handle sequential in-
puts (CUT3R [40], Spann3R [37]). Architectural innova-
tions, such as the elegant and effective design of VGGT [39]
and the permutation-equivariant structure of 7> [43], have
pushed the state of the art. However, the reliance of
these advanced models on dense, all-to-all attention for
global information exchange creates a significant compu-
tational bottleneck, especially for long sequences. To mit-
igate this, several training-free sparsification approaches
have been proposed. For instance, FastVGGT [32] employs
a token merge-and-unmerge strategy, while Block Sparse
VGGT [36] applies top-k attention. Because these methods
are not training-aware, their ability to sparsify the model is
limited; aggressive pruning results in a notable degradation
of reconstruction accuracy.

Sparse Attention. To mitigate the quadratic complexity
of standard attention, various sparse attention methods have
been proposed. Early approaches employed fixed, data-
agnostic patterns like local windows (StreamingLLM [46])
or dilated windows (Longformer [3]). More advanced
methods are dynamic, such as those that prune the KV cache
during inference (H20 [54]), although these post-hoc op-
timizations do not accelerate the training phase. Another
class of dynamic methods performs query-aware token se-
lection using techniques like clustering [20] or heuristic
scoring [33]; however, these methods often suffer from non-
differentiable operations or non-contiguous memory access,
hindering end-to-end training. To resolve these issues,
recent works NSA [50] and MOBA [22] present break-
throughs with trainable sparse attention, achieving results
comparable to full attention. The success of these methods
has led to their application in various domains, including
video generation [6, 52] and 3D generation [44]. The phi-
losophy of adaptively selecting important tokens is particu-
larly well-suited to the sparsity inherent in 3D reconstruc-
tion. Highly inspired by NSA, our work aims to develop an
efficient sparse attention mechanism tailored for 3D feed-
forward reconstruction.

3. Method

Our primary goal is to develop a feed-forward 3D recon-
struction model capable of efficiently processing a large
number of views. To address the scalability bottleneck, we
introduce a novel attention mechanism, Global Sparse At-
tention (GSA), designed as a drop-in replacement for the
original global attention module.
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Figure 2. Architecture. Our model processes a sequence of input images through a shared feature encoder. The resulting tokens are
then processed by a series of transformer blocks that alternate between local Frame Attention (within each view) and our proposed
Global Sparse Attention (across all views). The GSA module efficiently integrates global information by decomposing attention into a
Compression Branch for coarse context and a Selection Branch for fine-grained details, guided by a Top-k selection mechanism. Finally,
updated tokens are passed to task-specific heads to predict camera pose and dense depth maps.

3.1. Architecture Overview

Our approach builds upon the architecture of recent feed-
forward reconstruction models, as depicted in Figure 2. The
model processes a sequence of input images to jointly pre-
dict camera parameters (pose and focal length) and dense
depth maps. The architecture consists of three main stages:
e Per-frame Feature Encoder: A sequence of N images
{1}, are independently passed through vision encoder
(e.g., DINOvV2 [23]) to extract patch-based feature tokens.
* Alternating Attention Transformer: A series of trans-
former blocks processes the tokens. These blocks alter-
nate between local Frame Attention, which operates on
tokens within a single frame, and our proposed Global
Sparse Attention, which efficiently aggregates informa-
tion across all frames.
 Task-Specific Prediction Heads: The refined tokens are
used by downstream heads to predict per-view camera pa-
rameters {C;} N, depth maps {D;} Y, and their associ-
ated uncertainty {d@; }¥ ;.
Our key innovation lies in the second stage, where we
replace the computationally intensive global full-attention
layer with our GSA module. For all other components, in-
cluding the feature encoder, frame attention, and prediction
heads, we follow the design of the original base models
(VGGT [39] or 73 [43]).

3.2. Global Sparse Attention (GSA)

The GSA module is designed to approximate full attention
with significantly reduced computational complexity, mak-
ing it scalable to a large number of views. Its core principle
is to leverage a coarse, low-resolution representation of the
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scene, computed by the Compression Branch, to guide the
selection of a sparse subset of high-resolution tokens for
the Selection Branch. This coarse-to-fine strategy enables
the model to efficiently build a global understanding of the
scene while focusing its limited computational budget on
the most salient, keypoint region details.

Let the input to the GSA block be tokens X € RM*C,
where M is the total number of tokens and C' is the chan-
nel dimension. The sequence X is a concatenation of spe-
cial tokens Xgpee € RMipeexC and image tokens Xine €
RMmexC “such that M = Mgpec + Mimg. For brevity, the
batch dimension is omitted. We first project the sequence
into queries, keys, and values with dimension d using linear
transformations Wg, Wg, Wy,. The resulting tensors are
then partitioned corresponding to their original token types:

_ Qspec] _ |:Kspec] _ [V;pec:|
Q |:Qimg ’ K Kimg ’ v V}mg (1)

The attention computation then proceeds differently for the
two token types.

Full Attention for Special Tokens. Special tokens serve
as global information bottlenecks and are critical for tasks
like pose estimation. To ensure they have a comprehensive
view of the entire scene, they perform standard, dense self-
attention over all other tokens. The output for these tokens,
Ogspec, s computed as:

0] Attention(Q K, V) = softma (QspecK T) v
spec — 1 specs 15, — x [ Xspee
p " )



This operation, while quadratic, is inexpensive as the num-
ber of special tokens (Mgpec) is very small.

Sparse Attention for Image Tokens. For the vast number
of image tokens, we employ a two-branch strategy that com-
putes a coarse global summary and fine-grained local details
in sequence. The outputs from these branches are then dy-
namically fused using a learned gating mechanism, allow-
ing the model to adaptively balance global context against
local specificity for each token.

Compression Branch. This branch provides a coarse but
comprehensive summary of the scene in a highly efficient
manner. To create a computationally inexpensive proxy
for global attention, we spatially downsample QKV ten-
oIS (Qimg> Kimg, Vimg). This is achieved using a non-
overlapping average pooling operation with a window size
of s x s, yielding compressed tensors Qcomp, HKcomp, and
Veomp, all of size RMime X4 \where i’mg = Mimg/s>.

The attention calculation of this branch is then per-
formed entirely within this compressed space, producing a
coarse output tensor O, Additionally, to guide the sub-
sequent selection process, a score matrix Sguige is computed
from the compressed queries and keys. The coarse output
Oéomp is subsequently upsampled to the original image to-
ken resolution using nearest-neighbor interpolation, which
assigns the same context vector to all fine-grained tokens
that belong to the same spatial window. This yields the fi-

nal branch output, Ocomp.

Ocomp = Attention(Qcomp, Keomp, Veomp) € RMingxd (3)
Sguide = QCOmng;mp e Rﬂli/mngwi/mg (4)
Ocomp = Upsample(Oéomp) c RJ\/]imng (5)

Selection Branch. To recover fine-grained attention, this
branch performs attention on a small subset of the original,
full-resolution key-value pairs. To guide the selection, we
use the pre-computed relevance score matrix Sgyige to iden-
tify the most relevant coarse regions for each query. For
each query, we use a TopKSelect(-) function on Seuide tO
identify the indices of the most relevant regions. Queries
belonging to the same compression window share the same
set of KV pairs. The original, full-resolution key-value pairs
(Kimg, Vimg) corresponding to these top regions are then se-
lected, forming the sparse sets K and V. The fine-
grained output Oy is computed by attending only to this
small subset:

Osel = Attention(Qimgv Ksela ‘/Sel) (6)

This operation is highly efficient as each query only attends
to k < My tokens.
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Gated Aggregation. The outputs from the two branches
are combined using a learnable gating mechanism that
weights their contributions based on the query itself. A
gating vector g € RMmxd i5 computed from the image
queries, and the final output for the image tokens, Ojng, is a
dynamic, weighted sum:

o(WyQimg)
g © Ocomp + (]- - g) ® Osel

)
®)

g =
Oimg

where ¢ is the sigmoid function, W is a learned projection
matrix, and © denotes element-wise multiplication. This
allows the model to decide for each token whether to rely
more on the global summary from the Compression Branch
or the specific details from the Selection Branch.

Final Output. The final output of the GSA layer, Ogsa,
is produced by concatenating the outputs from the two path-
ways in their original order:

Ogsa = concat(Ogpec; Oimg) € RMxd

®)

Efficient Kernel Implementation. A naive implementa-
tion of the Compression Branch with TopKSelect(-) is in-
efficient, bottlenecked by the large memory footprint of the
full score matrix Sgyige. To overcome this, we developed a
fused GSA kernel in Triton [35]. Our approach integrates
a streaming top-k algorithm directly into the FlashAtten-
tion [8] workflow. As our kernel computes score matrix tiles
in fast on-chip SRAM, it not only performs the online soft-
max but simultaneously maintains a running set of the top-k
indices and scores for each query. This allows the selection
of the most relevant keys and the calculation of compres-
sion output to occur in a single, fused pass over the input
data. By doing so, we avoid materializing the full score ma-
trix and maximize data locality. Implementation details are
provided in the supplementary material.

3.3. Speed3R-VGGT

We instantiate our method on the VGGT architecture,
terming this variant Speed3R-VGGT. The VGGT model
architecture is unique in that it designates the first frame of
a sequence as a global reference and utilizes dedicated cam-
era tokens to encode pose information.

To ensure this critical global reference is not lost by the
sparse attention mechanism, we adapt the GSA’s Selection
Branch. For any given query, its attention set (K, Vier)
is constructed from the concatenation of two groups: (i)
A fixed global context set comprising all tokens from the
reference frame and frames sampled at 100-frame intervals.
(i1) The dynamically selected Top-K image tokens windows
from non-reference frames, identified by our standard se-
lection process. This hybrid approach guarantees that while



the model can efficiently focus on salient local details in
subsequent frames, it never loses sight of the foundational
reference frame and camera parameters.

To transfer the performance of the original dense model
to our efficient sparse variant, we employ a knowledge
distillation strategy. The student model (Speed3R-VGGT)
is trained to replicate the outputs of its pre-trained dense
teacher. The teacher’s predictions for depth and camera
pose serve as the pseudo ground truth for the student. The
total training loss is a weighted sum of a depth distillation
loss and a camera pose distillation loss:

»Ctolal = »Cdeplh + /\»Ccamera (10)

where the losses are inherited from original VGGT losses.

3.4. Speed3R-73

Similarly, we apply our method to the 73 [43] architecture
to create Speed3R-73. Unlike VGGT [39], 73 [43] does not
rely on reference frame or camera tokens, which allows for
a more direct application of our GSA module as described
in Section 3.2. Additionally, we empirically observe that
the register tokens used in the original 7% can be omitted in
our sparse variant without performance drop, further sim-
plifying the model without special tokens. We follow the
same distillation strategy, using the original dense 7% model
as the teacher to train our Speed3R-7? student with relative
pose loss and depth loss. The total loss function is identical
in form to that used for original 73.

3.5. Training Details

We train our model on a mixture of seven datasets: Ark-
itScene [1], Scannet++ [49], DL3DV [19], CO3D [25], Hy-
persim [26], WildRGBD [45], and VirtualKitti2 [4]. Some
datasets were downsampled for storage efficiency (see sup-
plementary material), and the sparse model’s weights were
initialized from its pre-trained dense counterpart. The
model was trained for 80 epochs (800 steps per epoch) over
approximately 7 days on 8 NVIDIA H20 GPUs. We fol-
lowed the original dense model’s setting, but with two ad-
justments: the learning rate was initialized to 1 x 10~°, and
a gradient accumulation factor of 4 was used to achieve an
effective batch size of 32.

4. Experiments

We evaluate our sparse models against their dense coun-
terparts and two training-free baselines: FastVGGT [32]
and Block-Sparse VGGT [36]. Variants of these baselines
with VGGT/#? are referred to as FastVGGT-VGGT/n® and
Block-Sparse VGGT/m3, respectively. Unless stated oth-
erwise, we use the following parameters. Our method
employs a 4x4 compression window and selects the top-
32 blocks for selective attention. For the baselines, we
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Table 1. Pair-wise pose results on ScanNet-1500 [7, 28]. We re-
port the Area Under the Curve (AUC) of the pose error at different
thresholds. Best results per backbone are marked in bold.

Methods ScanNet1500
AUC@51 AUC@I01 AUC@20 %

VGGT [39] 37.45 59.24 75.69
Block Sparse-VGGT [36] 33.21 55.11 72.51
FastVGGT-VGGT [32] 33.59 56.21 73.47
Speed3R-VGGT 37.02 59.11 75.62
3 [43] 38.76 61.57 77.61
Block Sparse-7® [36] 35.13 57.74 74.98
FastVGGT-7° [32] 34.87 58.31 75.51
Speed3R-7? 36.97 59.83 76.38

adopt their default configurations: a 0.9 merge ratio for
FastVGGT [32] and a 0.75 sparsity ratio for Block-Sparse
VGGT/73 [36]. All inference times are benchmarked on a
single H100 GPU.

4.1. Two-view Pose Estimation

We first evaluate our method on the ScanNet relative pose
estimation task [7, 28], reporting the Area Under the Curve
(AUC) of the pose error. This metric is the area un-
der an accuracy-threshold curve where per-pair accuracy
is defined as the minimum of the Relative Rotation Ac-
curacy (RRA) and Relative Translation Accuracy (RTA)
at different thresholds. The results in Table | show that
our method (Speed3R) consistently outperforms competing
training-free sparse methods. Given that this benchmark
evaluates performance under large viewpoint changes, this
result highlights our method’s superior robustness to such
variations. Notably, Speed3R-VGGT also achieves perfor-
mance nearly on par with the original dense VGGT model,
and this advantage holds for the more powerful 73 back-
bone, confirming the general effectiveness of our approach.

4.2. Multi-view Pose Estimation

We further validate our approach on the multi-view
RE10k [55] and CO3Dv2 [25] benchmarks, which include
10 frames per scene, with comparisons to SAIL-Recon [9].
As shown in Table 2 and visualized in Figure 1, Speed3R
establishes a new Pareto-optimal frontier for accuracy and
efficiency. It consistently outperforms all competing sparse
and anchor-based methods, often at significantly higher
sparsity ratios. This superiority is demonstrated by two
key results: first, our Speed3R-VGGT model (84% sparsity)
surpasses the dense VGGT baseline on RE10k; second, the
Speed3R-73 model (94% sparsity) nearly matches the per-
formance of its dense counterpart. These findings demon-
strate that Speed3R effectively prunes redundant computa-
tions while preserving performance-critical information.



Table 2. Pose Estimation on RE10k [55] and CO3Dv2 [25].
These datasets contain an average of 10 images per scene.

Method Sparse Ratio (%)/ REI0K CO3Dv2
Anchor Number AUC@301 AUC@30 1

VGGT [39] 0 74.17 88.33
Block Sparse-VGGT [36] 25 71.79 86.98
50 68.25 84.71
75 63.82 79.92
SAIL-Recon [9] 10 anchor 74.31 87.63
5 anchor 72.66 84.25
2 anchor 69.11 80.03
FastVGGT [32] 25 72.97 87.74
50 71.55 86.01
82 69.99 84.03
Speed3R-VGGT 84 74.81 87.71
w5 [43] 0 87.37 89.67
Block Sparse-73 [36] 25 85.18 88.25
50 81.29 85.36
75 75.39 80.72
FastVGGT-73 [32] 25 87.26 88.15
50 86.67 87.62
90 86.04 86.39
Speed3R-m3 94 87.17 89.41

Table 3. Pose Estimation on Tanks & Temples [16]. This dataset
contains an average of 300 images per scene. Best results and
second best results are in bold and underlined separately.

Method RRA@51 RTA@S51 AUC@3071 Time [s] |
VGGT [39] 70.29 79.30 77.67 3451
Block Sparse-VGGT [36] 66.83 71.29 74.15 10.79
SAIL-Recon(20 anchor) [9] 68.34 73.77 74.98 20.35
SAIL-Recon(100 anchor) [9] 69.72 75.16 75.70 53.02
FastVGGT [32] 69.28 77.98 76.29 15.98
Speed3R-VGGT 69.51 77.81 76.57 6.55
3 [43] 72.14 81.26 79.63 22.32
Block Sparse-73 [36] 67.85 78.91 76.64 8.16
FastVGGT-7* [32] 69.78 79.51 71.76 11.96
Speed3R-73 70.72 80.72 79.77 4.19

4.3. Long-sequence Pose Estimation

We further evaluate on the large-scale Tanks & Temples
(T&T) benchmark [16] with an average of 300 images per
sequence. As shown in Table 3, Speed3R demonstrates a
state-of-the-art balance of accuracy and speed. With the
VGGT backbone, our method is by far the fastest (6.55s),
achieving a 5.2x speedup over the dense baseline while
maintaining top-tier accuracy, including the best AUC@30
score among all sparse methods. The same holds for the 73
backbone. Speed3R-7? simultaneously achieves the highest
accuracy across all metrics and the lowest runtime (4.19s)
among all sparse methods. It nearly matches the perfor-
mance of the dense 73 model while being 5.3x faster. These
results confirm that Speed3R excels at achieving Pareto-
optimal results that are both highly accurate and efficient
for large-scale feed-forward pose estimation.
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4.4. Pointmap Estimation

Following 73 [43], we compare our predicted point cloud
with baseline methods. We report the mean and median of
accuracy, completeness, and normal consistency. As shown
in Table 4 and illustrated in Figure 3, our proposed Speed3R
method demonstrates a superior trade-off between perfor-
mance and efficiency for pointmap estimation. When com-
pared against other sparse methods, Speed3R consistently
achieves the best results across nearly all metrics on both
the DTU and ETH3D datasets, establishing it as the state-
of-the-art among efficiency-focused techniques. More im-
portantly, while the dense baseline models (VGGT and 7%)
exhibit slightly better accuracy, our Speed3R variants re-
main highly competitive, incurring only a marginal perfor-
mance degradation. This indicates that the learned sparse
attention patterns effectively preserve the most critical in-
formation for high-quality reconstruction.

4.5. Ablation Study

We first conduct ablation studies on the Speed3R-73, with a
baseline using a 4x4 window and top-32. We train all mod-
els with 40 epochs and gradient accumulation factor of 2.
As detailed in Table 5, we first analyze our GSA module.
Removing the compression branch value (1) impairs long-
sequence performance on the T&T [16] dataset by sacri-
ficing global context, while removing the selection branch
(2) is uniformly detrimental, causing a significant drop on
both datasets. Adding a register token (3) has a negligible
effect. In our hyperparameter analysis (4-7), we find that
our choice (4x4 window with top-32 indices) strikes the
balance between accuracy and efficiency. Finally, remov-
ing knowledge distillation (8) substantially degrades perfor-
mance across both datasets. This result highlights its im-
portance in mitigating the impact of noisy labels from the
real-world dataset.

Due to the utilization of reference-frame and camera to-
ken of VGGT [39], the design of Speed3R-VGGT differs
from that of Speed3R-73, we ablate the design choices spe-
cific to the selection branch of Speed3R-VGGT in Table 6.
Removing the reference frame attention (1) impairs perfor-
mance on both datasets, reflecting the inherent inductive
bias of the original VGGT. Following Speed3R-73, we also
try to remove the register token. However, we find that re-
moving the register tokens (2) also degrades performance.
We find these tokens provide crucial stability by acting as
an assistant to the camera token; while it is not used for
the final pose prediction, its absence clearly impairs model
accuracy. Finally, forcing patch tokens to attend to all spe-
cial tokens (3) hurts long-sequence performance. We hy-
pothesize that for longer sequences, these appended special
tokens will dominate over the more crucial top-k patch se-
lection, thereby impairing performance.



Table 4. Pointmap Estimation on the DTU [15] and ETH3D [31] datasets. The arrows (/1) indicate whether lower or higher values

are better. Best results are highlighted in bold.

Method DTU [15] ETH3D [31]
Acc. | Comp. | N.C.t Acc. | Comp. | N.C.T
Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med.
VGGT [39] 1.403 0.802 2.566 1.307 0.658 0.742 0.289 0.192 0.294 0.173 0.847 0.953
Block Sparse-VGGT [36] 1.966 1.052 2311 1.135 0.647 0.715 0861 0.754 1.171 0.812 0.681 0.772
FastVGGT-VGGT [32] 1.466 0.786 2.385 1.188 0.654 0.736 0.510 0.379 0.580 0.354 0.788 0913
Speed3R-VGGT 1426 0.827 2.179 1.101 0.657 0.740 0.295 0.190 0.289 0.168 0.853 0.953
w3 [43] 1.151 0.622 1.793 0.629 0.668 0.754 0.194 0.130 0.220 0.135 0.867 0.965
Block Sparse-72 [36] 2434 1.130 2714 1.004 0.664 0.749 0.313 0.235 0439 0276 0.816 0.951
FastVGGT-72 [32] 1.255 0.737 2.250 0.857 0.650 0.730 0.291 0.215 0.291 0.179 0.841 0.961
Speed3R-73 1.175 0.710 2.037 0.731 0.657 0.739 0.198 0.136 0.213 0.126 0.878 0.970
Ground Truth Dense Model [39, 43] Block Sparse [36] FastVGGT [32] Ours
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Figure 3. Qualitative comparison of predicted point clouds from our method and baselines. Compared with sparse baselines, our
method produces visually more accurate reconstructions and reduces the multi-layer wall phenomenon across both architectures.

Table 5. Ablation study for Speed3R-73. The “Time” column
reports the average inference time on the T&T [16] dataset.

Table 6. Ablation Study of Speed3R-VGGT. Analysis of the se-
lection attention branch of GSA in Speed3R-VGGT.

REIOK [55] T&T[16] Time
Method AUC@301 AUC@301 sl
Base 86.35 78.69 4.19
(1) w/o Compress. Branch Value 86.29 77.90 3.99
(2) w/o Select. Branch 83.44 76.84 3.56
(3) w/ register 86.39 78.57 4.25
(4) Top-8 85.37 78.17 3.72
(5) Top-16 85.98 78.55 3.92
(6) Top-64 86.42 78.90 4.64
(7) 8x8 window 86.49 78.71 5.27
(8) w/o distillation 85.18 77.81 4.19

4.6. Latency Benchmarking

As shown in Figure 4, the Speed3R-7% model demonstrates
superior inference speed compared to all baselines. This
efficiency arises from its computational complexity, which
avoids the quadratic O(n?) of the standard full-attention
baseline. The performance advantage becomes increas-
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REIOK [55] T&T[16] Time
Method AUC@301 AUC@301 s
Base 74.56 76.57 6.52
(1) w/o reference frame attn. 73.87 75.69 591
(2) w/o register token 74.14 76.21 6.50
(3) w/ all special token 74.91 74.77 7.05

ingly pronounced with sequence length, reaching a 12.4x
speedup at an input length of 1024. This result highlights
our model’s efficacy for high-throughput, long-sequence
processing. The benchmarking results for Speed3R-VGGT
can be found in the supplementary materials.

5. Discussions

Dense vs Sparse Attention. While our method estab-
lishes a new efficiency-accuracy Pareto frontier, the accu-
racy of our sparse model on short sequences does not yet



Figure 4. Inference Time for Different Models. Mean latency
(in seconds) for varying sequence lengths. Our method achieves a
12.4x speedup on sequences of 1024 images.

Seq Length 32 64 128 256 512 1024
Full Attn.(73) 0.50 1.31 397 1341 50.01 202.39
Block Sparse [36] 0.46 0.85 1.69 377 9.64 29.58
FastVGGT [32] 0.44 0.88 196 495 14.13 4549
Ours 037 071 144 3.06 6.83 16.38
2007 | Full Attn. +
FastVGGT
Block Sparse
@ I Ours
P
2
120
% 12.4x
—
o
oo}
(]
2 50 |
I
7.3x
0 1.8X pm 2.8% 4.4x &
64 128 256 512 1024
# Images

match its dense counterparts. We attribute this gap pri-
marily to limitations in data and computational resources.
To investigate this, we train both the full-attention and
our sparse-attention models under identical conditions (de-
tails in Supplementary). As illustrated in Figure 5, our
sparse model achieves a comparable training loss to the
full-attention model, while completing the training process
1.12x faster. This suggests that the models possess similar
learning capacities. Therefore, despite not yet exceeding
the dense model’s accuracy, Speed3R demonstrates a viable
path toward greater efficiency.

Test-time adaptation. Although our flagship model is
trained with top-32, we observe that increasing the top-
k value to top-64 and top-128 during inference consis-
tently improves performance on long-sequence datasets
(T&T [16]) in Table 7. Notably, this adjustment enables
our model to outperform dense models on RTA@5 and
AUC @30 during testing, highlighting the robustness of our
method and its flexibility in handling long sequences.

Sparsification Challenges. The nature of 3D reconstruc-
tion fundamentally differs from domains where sparse
methods have traditionally flourished, such as Large Lan-
guage Models (LLMs) [22, 50] and generation models [44,
52]. These generative domains are inherently probabilistic,
and they optimize for perceptual quality and semantic co-
herence, making them naturally robust to the minor infor-
mation loss introduced by sparsification. In contrast, 3D re-
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Table 7. Test-time adaptation on Tanks & Temples. [16].

Method RRA@51 RTA@S5] AUC@301 Time [s] |
73 [43] 72.14 81.26 79.63 2232
Speed3R—7r3(top—8) 69.73 77.60 78.21 3.72
Speed3R—7r3(top—16) 70.26 79.49 79.21 3.92
SpeedSR—ﬂ3(lop—32) 70.72 80.72 79.77 4.19
Speed3R—7r3(top—64) 71.60 81.54 80.10 4.64
Speed3R-73(top-128) 71.89 82.00 80.33 6.07

Figure 5. Training loss curve of dense attention and our GSA.

1.6 Full Model Loss
—— Sparse Model Loss
1.4
2 1.2
S
1.0
0.8

8000 16000

Iter

24000 32000

construction demands strict numerical precision and is sen-
sitive to minor spatial inaccuracies. Recognizing these chal-
lenges, our work presents an initial exploration into devel-
oping a sparse attention mechanism for 3D reconstruction,
providing a foundational step toward reconciling computa-
tional efficiency with geometric precision.

Limitations. The dual-branch architecture of GSA, while
enabling sparsity, incurs a 15% memory overhead com-
pared to full attention. In practice, this is manageable, as
the model can accommodate up to 1024 images on an 80GB
GPU. Looking forward, the strategy proposed in SAIL-
Recon [9] provides a path to extend our method to arbitrar-
ily long sequences, removing the memory constraint.

6. Conclusion

In this paper, we introduced Speed3R, a novel sparse atten-
tion model designed to mitigate the prohibitive computa-
tional cost of feed-forward 3D reconstruction. Inspired by
the efficiency of classical SfM and recent advancements in
sparse attention, Speed3R employs a trainable dual-branch
mechanism to focus computation on a small subset of infor-
mative tokens. Our approach establishes a new SoTA in the
efficiency-accuracy trade-off, achieving a 12.4x speedup on
1024-images sequences with minimal impact on geometric
accuracy. We validated the robustness of Speed3R by inte-
grating it with two backbones, where it consistently outper-
formed training-free alternatives, paving the way for practi-
cal and scalable large-scale 3D scene modeling.
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