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Abstract

Efficient and accurate feed-forward multi-view reconstruc-
tion has long been an important task in computer vi-
sion. Recent transformer-based models like VGGT, π3 and
MapAnything have demonstrated remarkable performance
with relatively simple architectures. However, their scala-
bility is fundamentally constrained by the quadratic com-
plexity of global attention, which imposes a significant run-
time bottleneck when processing large image sets. In this
work, we empirically analyze the global attention matrix of
these models and observe that the probability mass concen-
trates on a small subset of patch-patch interactions corre-
sponding to cross-view geometric correspondences. Build-
ing on this insight and inspired by recent advances in large
language models, we propose a training-free, block-sparse
replacement for dense global attention, implemented with
highly optimized kernels. Our method accelerates inference
by more than 3× while maintaining comparable task per-
formance. Evaluations on a comprehensive suite of multi-
view benchmarks demonstrate that our approach seamlessly
integrates into existing global attention-based architectures
such as VGGT, π3, and MapAnything, while substantially
improving scalability to large image collections.

1. Introduction

Reconstruction of 3D geometry and camera motion from
multiple images is a central, long-standing problem in com-
puter vision that has a broad impact across domains such
as autonomous driving, embodied agents, AR/VR or pho-
togrammetry. Classical pipelines approach this task using
optimization-based explicit geometric modeling and iter-
ative refinement, most notably bundle adjustment, yield-
ing reliable results at the cost of significant runtime over-
head [28, 31]. More recently, feed-forward models [24, 38,
43] have narrowed the gap to structure-from-motion (SfM)
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Figure 1. Runtime of VGGT’s forward pass. FA denotes frame-
wise attention. As the number of input frames increases, global at-
tention dominates the computational cost (measured with FlashAt-
tention2 [8] on an H100 GPU at resolution 5182). We propose to
adapt a block-sparse attention method that considerably reduces
the cost of Global Attention while preserving result quality.

systems such as COLMAP [31]. A prevalent concept in
such models, originating with DUSt3R [43], is to estimate
3D geometry and relative cameras from image-pairs and
subsequently consolidate predictions across multiple views.

The recently proposed Visual Geometry Grounded
Transformer (VGGT) [41] is a particularly simple and effec-
tive multi-view geometry estimation model, achieving state-
of-the-art performance on reconstruction, pointmap estima-
tion and point tracking. A key architectural design element
of VGGT is the use of global attention blocks in the de-
coder, which enables holistic, scene-level reasoning in a sin-
gle forward pass. However, the complexity of global atten-
tion grows quadratically with the number of input images,
thereby becoming the dominant computational contributor
even at moderate sequence lengths, as illustrated in Fig. 1,
which limits scalability to larger image collections.

By inspecting the global attention maps during a forward
pass of the model, visualized in Fig. 3, we observe that
each token only attends to a small subset of tokens, lead-
ing to sparse attention matrices. This observation motivates
our systematic analysis of these sparsity patterns, suggest-
ing that a substantial portion of the computational complex-
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ity of the global attention layers can potentially be avoided
without degrading task performance.

Building on these findings and inspired by recent ad-
vances in large language models [15], we propose a novel
adaptive block-sparse attention mechanism that approxi-
mates the full attention map and computes attention us-
ing block-sparse kernels whose cost scales with the num-
ber of active blocks rather than the full quadratic size, ul-
timately accelerating inference. The additional module is
lightweight and does not require any optimization, avoiding
the need of extra annotations or backward passes through
the original VGGT model. With extensive experiments
across multiple datasets, we empirically demonstrate that
our method achieves task performance on par with the orig-
inal VGGT model, while substantially accelerating end-to-
end inference speed more than 3×.

To further demonstrate the versatility of our approach,
we apply the proposed block-sparse attention mecha-
nism to the recent π3 variant of VGGT, designed for
permutation-invariant geometry estimation [44], and to Ma-
pAnything [21], which differs architecturally from VGGT
yet similarly employs global cross-view attention. We ob-
serve that both models exhibit similar accuracy–efficiency
trade-offs, underscoring the generality of our method.

Overall, our contributions are threefold: (1) an analysis
of sparsity-patterns in global attention layers of multi-view
geometry estimation transformer models; (2) a novel adap-
tive block-sparse attention mechanism to accelerate infer-
ence speed without requiring optimization; and (3) compre-
hensive empirical evaluations demonstrating matched accu-
racy with significantly reduced compute.

2. Related Work

2.1. Feed-Forward Multi-View Reconstruction
Traditional multi-view reconstruction pipelines follow the
Structure from Motion (SfM) paradigm, jointly estimating
scene geometry and camera poses [16, 28, 31, 32]. Typical
implementations perform feature extraction and matching,
triangulation, and bundle adjustment. An additional dense
depth estimation stage is necessary if a dense reconstruc-
tion is desired. COLMAP [31] remains a widely adapted
pipeline and is frequently employed as baseline or used to
produce ground-truth annotations for datasets.

Learning-based approaches for multi-view reconstruc-
tion aim to enhance or replace these pipelines. A prominent
line of work employs a cross-attention decoder to match two
input frames [12, 18, 24, 43]. Processing multiple views re-
quires additional global alignment post-processing that con-
solidates pairwise predictions into a single, consistent scene
representation [12, 24, 43]. This consolidation is computa-
tionally expensive and introduces a separate source of error.

To mitigate the cost of globally aligning image-pairs,
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Figure 2. Architecture overview of VGGT [41]. The key compo-
nent is the Aggregator consisting of L = 24 alternating attention
blocks (first frame-wise attention, then global attention over all
frames). Each input frame is augmented with five learned embed-
ding vectors: one camera token and four register tokens. After
the Aggregator, VGGT regresses camera poses from the camera
tokens using a light-weight MLP head, and dense outputs (point
maps, depth, point tracks) using DPT heads [29].

several derivative works incrementally extend the recon-
struction [13, 40, 42] by iteratively applying two-view mod-
els. Some maintain a persistent latent representation to ac-
cumulate information [40, 42], while Light3r-SfM [13] di-
rectly updates a global reconstruction and shows improved
performance on large scenes. Despite their practicality, it-
erative schemes may not perform as well as methods that
consider all views simultaneously. Incremental updates are
order-sensitive, prone to error accumulation and drift, and
require revisiting past states or additional optimization to
enforce long-range, cross-view consistency. In contrast,
globally conditioned models can exploit holistic context to
align distant views and resolve ambiguities in a single for-
ward pass, albeit at higher computational cost.

2.2. Global Attention for Fast 3D Processing
In contrast to two-view models, architectures with global at-
tention mechanisms are able to reason jointly over all views
at once, enabling scene-level consistency [3, 41, 44, 45].
Fast3r [45] combines a per-frame feature encoder with a
decoder composed exclusively of global attention blocks,
hence lacking frame-wise attention blocks. In addition, it
predicts both local and global pointmaps for every view, a
design inherited from two-view models.

VGGT [41] simplifies reconstruction by predicting all
pointmaps in the coordinate system of a reference view,
i.e. the first view. Its decoder alternates between frame-
wise and global attention, allowing per-frame features to
be adapted before the next round of global matching. For
reference, we provide an overview of the VGGT architec-
ture in Fig. 2. Since VGGT predicts all pointmaps with
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respect to the reference view and employs camera embed-
dings, its predictions are sensitive to input ordering. To alle-
viate this issue, π3 [44] removes the camera embeddings to
attain permutation invariance while retaining per-frame reg-
ister tokens akin to VGGT. The authors report slightly im-
proved reconstruction quality over VGGT on most bench-
marks, with notably reduced variance across input permuta-
tions. MapAnything [21] adopts a distinct transformer de-
sign for metric 3D reconstruction capable of accommodat-
ing optional geometric inputs such as intrinsics, poses, or
partial depth alongside RGB images.

Despite their architectural differences, these methods
share a reliance on global attention, whose time complexity
scales quadratically with the number of tokens, which mo-
tivates our approach to exploit the sparsity of global atten-
tion to preserve reconstruction performance while reducing
computational overhead.

2.3. Sparse Attention

Attention is the foundation of many state-of-the-art neural
architectures, particularly large language models (LLMs).
Recent research has focused on reducing the quadratic com-
plexity of dense attention by exploiting structure within the
attention maps [4, 5, 15, 49]. LLM-oriented sparse atten-
tion methods [20, 23, 26, 47] rely on autoregressive assump-
tions, like causal masking or key-value caching during in-
ference, that do not directly transfer to attention over con-
tinuous, two-dimensional token grids used in vision mod-
els. Other works [17, 50] leverage temporal or spatial con-
tinuity, assumptions that do not hold for global attention in
multi-view vision transformers.

In contrast to weight sparsity and pruning ap-
proaches [14, 37, 46] that compress model weights, our
method targets attention sparsity, i.e. sparsity emerging in
the attention maps themselves. Combining these two forms
of sparsity could potentially lead to further acceleration.

Chen et al. [4] approximate attention by combining
sparse and low-rank representations, but their irregular
memory access pattern is inefficient on block-oriented ac-
celerators. A more generally applicable approach is block-
sparse attention [5], which combines the hardware-friendly,
block-wise computation of FlashAttention [9] with a sparse
block mask. While PixelatedButterfly [5] supports both
weight and attention sparsity, it relies on static patterns and
learned parameters that require optimization. SeerAtten-
tion [15] introduces a learned gating mechanism, which re-
quires optimization, with a top-k block selection strategy.
SpargeAttention [49] recently showcased the effectiveness
of block-sparse attention across diverse models and modali-
ties. It is training-free, combining self-similarity-based and
CDF-thresholded block selection with a sparse online soft-
max computation. To increase self-similarity and enable
even sparser block selections, it applies Hilbert-curve per-

mutations to spatially reorder tokens prior to attention.
Building on the block-sparse paradigm, we leverage the

attention kernel of SpargeAttention [49] to accelerate infer-
ence of VGGT [41], π3 [44] and MapAnything [21]. Un-
like SpargeAttention, we omit self-similarity-based selec-
tion, Hilbert-curve permutation and the sparse online soft-
max. Instead, we combine CDF-based and top-k threshold-
ing for block selection and retain dense attention for special
tokens. While Zhang et al. [49] reported results with se-
quences up to 128K tokens and 54% sparsity under causal
attention, our largest configuration processes sequences ex-
ceeding 512K tokens at a sparsity ratio above 75%. We
achieve speed-ups of more than 3× while preserving task
performances across all models.

3. Analyzing VGGT’s Attention Patterns
Traditional multi-view reconstruction pipelines rely heavily
on hand-crafted features, e.g. SIFT [25], in order to estab-
lish sparse correspondences that drive structure and camera
estimation [31, 32]. Our analysis of the global attention in
VGGT reveals a strong concentration on a limited set of to-
ken pairs, resulting in sparse patterns that are analogous to
correspondence matrices and that mirror geometric match-
ing. The key idea of our approach is to exploit these sparsity
patterns to improve the efficiency of global attention.

3.1. Background: VGGT’s Architecture
An overview of the VGGT architecture is illustrated
in Fig. 2. We briefly recapitulate the most important parts
of the architecture for completeness.

VGGT consists of a patchifier P , a feature aggregator A,
and several task-specific heads H1, . . . ,HT . The patchifier
P independently transforms each input image I into a set
of patch tokens T = P (I). In VGGT, P is implemented as
a pre-trained DINOv2-Large [10, 27] with a patch size of
14 × 14 pixels [41]. For every frame, VGGT concatenates
five special tokens to the patch tokens: a camera token and
four register tokens [10]. To distinguish between the refer-
ence view and auxiliary frames, VGGT maintains one set
of special tokens for the first frame and another set for all
other frames. The aggregator A is a series of transformer
blocks alternating between global and frame-wise attention.
Global attention computes full self-attention over the union
of all patch and special tokens across all frames, which
enables scene-level reasoning. Frame-wise attention per-
forms self-attention between the patch and special tokens of
a single frame, which supports per-frame adaptation. Both
frame-wise and global attention layers are followed by two-
layer per-token MLPs, as is common in transformer archi-
tectures [11]. After the final aggregator layer, the register
tokens are discarded and the remaining tokens are passed to
the task-specific heads. VGGT employs a lightweight head
for pose regression and DPT [29] heads for dense prediction

14548



tasks, i.e. depth and pointmaps. Our analysis focuses on the
global attention layers inside the aggregator.

The follow-up model π3 [44] closely matches VGGT’s
architecture with just a few modifications to promote per-
mutation invariance. Architecturally, π3 uses fewer alter-
nating attention blocks in the aggregator, 18 instead of 24,
replaces DPT with plain Transformer heads for dense pre-
diction tasks and removes camera embeddings while retain-
ing per-frame register tokens. Methodologically, π3 super-
vises relative poses between all frames rather than coordi-
nates tied to the reference view. The authors show that these
modifications improve the model’s task performance and re-
duce sensitivity to input permutations [44].

3.2. Visualizing Attention Maps

We visualize the full post-softmax attention map for a
global attention block in a middle decoder layer, layer 15,
in Fig. 3. Only a small fraction of entries carry non-
negligible probability mass, indicating pronounced spar-
sity. To study how this behavior evolves with layer depth,
Fig. 4 (right) plots the average and the maximum activation
of different parts of the attention map against the layer in-
dex. We observe a peak in the maximum activation values in
the middle of the aggregator. This effect is concentrated in
patch-patch interactions, whereas attention involving spe-
cial tokens remains stable across layers. The sparse, highly
activated entries align with geometrically meaningful cor-
respondences between frames, as illustrated in Fig. 4 (left).

We hypothesize that the model learns to perform an ex-
haustive correspondence search over the layers of the aggre-
gator. More concretely, the global attention proposes cross-
view correspondences and exchanges information across
frames, while the frame-wise attention adapts patch token
features to improve matches in the subsequent global lay-
ers. Fig. 4 (right) shows that the mid-aggregator layers
exhibit the strongest selective attention and appear to con-
tribute disproportionately to multi-view reasoning.

3.3. Are Some Layers More Important?

To further test our hypothesis that the mid-layers of the
aggregator are most important for task performance, we
conduct a layer-drop ablation in which selected aggrega-
tor blocks are skipped at inference. We show the ablation
results in Fig. 5 and show additional results in the supple-
mentary material. The figure shows that the model is com-
paratively robust when early or late aggregator layers are
skipped. In contrast, omitting a single middle layer leads
to a pronounced performance drop. This behaviour sup-
ports our hypothesis that the middle of the aggregator con-
centrates the essential cross-view information exchange and
motivates our adaptive block-selection strategy.

3.4. Consequences of this Analysis
Our analysis yields three take-away messages. First, global
attention is highly sparse. Second, the variation in attention
entries is dominated by patch–patch interactions, while spe-
cial token interactions remain stable across depth. Lastly,
mid-stack layers carry the key cross-view integration, as
confirmed by the layer-drop ablation. These findings indi-
cate that dense quadratic attention is not necessary through-
out the stack, but that considerable efficiency gains can be
realized by exploiting sparsity, in particular in the impor-
tant middle layers. Guided by this analysis, we propose
to replace the dense global attention layers with an adap-
tive block-sparse variant. This reduces the time complexity
with minimal accuracy loss and integrates into VGGT and
π3 without changes to their encoders or task heads.

4. Method

In this section, we describe our method for block-sparse at-
tention in the global attention layer in VGGT (Sec. 4.1) and
how we handle camera and register tokens (Sec. 4.2). Note
that while we utilize the implementation of SpargeAtten-
tion [49], block-sparse attention in itself is independent of
that particular work and could, e.g., be implemented on top
of FlashAttention [8, 9, 51] to yield similar results. We pro-
vide a theoretical analysis of the achievable speed-up for a
certain architecture in the appendix.

4.1. Block-Sparse Attention
Self-Attention. Self-Attention is the cornerstone of many
modern neural networks, as it enables dynamic, global in-
teractions between input elements. Given input tokens
X ∈ Rn×d, queries Q, keys K, and values V are com-
puted as linear projections of X, such that Q = XWQ,
K = XWK , V = XWV , and the scaled dot-product at-
tention is defined as

Attention(Q,K,V) = softmax
(
QK⊤
√
dh

)
V, (1)

where dh is the embedding dimension of a single atten-
tion head. Multi-head attention concatenates H such pro-
jections to enhance expressivity [39]. The bottleneck of
this operation is the full attention matrix A = QK⊤,
which grows quadratically with the number of input to-
kens. For a moderate input length of 10 frames at resolu-
tion 294 × 518, the global attention matrix would already
contain (10 · 294·518

142 )2 ≈ 1.2 · 108 elements, corresponding
to more than 100MB at half precision. At 1000 frames, the
required space would increase to more than 1 TB.

Block-Sparse Attention. Sparse attention reduces the
quadratic cost of full attention by constraining the pattern
of non-zero entries in QK⊤. Instead of attending to all po-
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Figure 3. Visualization of VGGT’s global attention matrix. A very small number of entries are highly activated, while the vast majority
of entries are near zero. This visualization shows the average attention map over all heads of layer 15 in the VGGT aggregator, at an
input resolution of 224 × 182. Upper highlight: The special tokens attend to each other and form a distinctive pattern. Lower highlight:
Patch-level attention is localized on a small subset of highly activated entries. See the supplementary material for an enlarged visualization.
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Figure 4. VGGT’s global attention matrix is extremely sparse. Left: We visualize the tokens corresponding to the top-k activated entries
of the attention map of layer 15. Right: Average & maximum attention scores in the global attention maps; the shorthand {S,P}2{P,S}
denotes attention between special (S) and patch (P) tokens. Solid lines denote the mean over all tokens, while shaded regions denote the
standard deviation. Increasing indices indicate layers closer to the output. Layers in the middle of the aggregator exhibit higher activations
and increased sparsity. Note the different scalings of the mean and max activations.

sitions, only predefined entries are computed:

SparseAttn(Q,K,V) = softmax
(
(QK⊤)⊙M√

dh

)
V,

(2)
where M is a binary sparsity mask and the ⊙ operator de-
notes the element-wise (Hadamard) product. In practice,
block-sparse masks are preferred, as they align with mod-
ern hardware accelerators, enabling efficient memory ac-
cess and parallelization [2, 6, 9].

Predicting Block Masks. To predict the importance of
blocks from queries and keys, we first apply average pool-
ing with block size b to the queries Q and keys K, yielding
pooled representations P b(Q) and P b(K). We then com-
pute their similarity matrix S = P b(Q)P b(K)⊤ and apply

a softmax to obtain probability distributions over blocks.
The resulting distributions provide a natural ranking of can-
didate blocks, from which we derive a binary block-sparsity
mask using combined top-k and cumulative density func-
tion (CDF) thresholding. The mask directly determines
the query–key blocks to evaluate, and can be used directly
with standard block-sparse attention kernels. A graphical
overview is provided in Fig. 6. We experimented with an
additional linear projection layer after pooling queries and
keys, but found no improvement over the baseline.

Selecting Blocks. We select blocks using two comple-
mentary criteria: a CDF threshold τ and a sparsity ratio ρ.
The CDF threshold ensures the selected set covers at least
a τ fraction of predicted cumulative probability. The spar-
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Figure 5. Influence of dropping global attention layers. We skip
the computation of different global attention layers in the aggrega-
tor starting with the earliest (Front), last (Back), alternating (Front
& Back), or from the middle layers (Middle), and evaluate pose
estimation on CO3Dv2 [30]. The x-axis denotes the total number
of skipped layers. The experiment shows that the model is espe-
cially sensitive to pruning of the center layers, and robust against
pruning the early and late layers.

sity ratio acts as a lower bound, enforcing a minimum of
k = ⌊B · (1− ρ)⌋ top-ranked blocks, where B denotes the
total number of blocks. The two criteria complement each
other: In uniform layers, a fixed sparsity ratio alone may
admit too few blocks, while the CDF threshold guarantees
sufficient coverage; in sparse layers, the threshold may be
met with very few blocks, while the sparsity ratio ensures
that at least a reasonable minimum is preserved. Together,
they adapt block selection to diverse sparsity patterns while
maintaining stability and efficiency.

Comparison to SpargeAttention. While our method is
related to SpargeAttention [49], the approaches differ in de-
sign and implementation trade-offs. SpargeAttention intro-
duces additional mechanisms such as self-similarity filter-
ing and warp-level PV pruning, which increases implemen-
tation complexity and maintenance overhead across GPU
generations. In contrast, our method is kernel-agnostic. It
produces a binary block mask from pooled query–key sim-
ilarities, and blocks are chosen based on a fixed sparsity
ratio and a CDF threshold, hence compatible with any stan-
dard block-sparse attention kernel. This decoupling from
hardware-specific optimizations makes our approach sim-
pler to implement, easier to maintain, and more robust to
future accelerator iterations.

4.2. Handling Special Tokens
VGGT employs register tokens [10] in addition to learned
camera tokens which differentiate between frames. We find
that these tokens behave qualitatively differently from the
regular patch tokens, and pooling them together results in
worse performance for similar sparsity ratios. We therefore
split the tokens into two sets: Xp containing the patch to-
kens, and Xs, containing the special tokens, i.e. register and
camera tokens. We only predict and use the block sparse

Figure 6. Overview of the training-free adaptive sparse atten-
tion. Keys and queries are average pooled to get a low-resolution
approximation of the attention map. This low-resolution attention
map is used to create the binary mask for block-sparse attention
by Top-K selection and adaptive thresholding.

map on the patch tokens Xp, and compute the full attention
on Xs, as well as cross-attention between Xs and Xp and
vice-versa. We find that this strategy is essential to avoid
large drops in task performance.

5. Experiments
We extend three large reconstruction models, VGGT [41],
π3 [44], and MapAnything [21] with the described sparse
global attention mechanism and evaluate the performance
impact on common multi-view benchmarks. In particular,
we evaluate the robustness of the models against varying
effective sparsity ratios, which we define as the ratio of
computed entries of the attention map to the total number
of entries. As the number of input frames increases, the
theoretical speed-up from a sparsity ratio of x approaches
1

1−x , since the overall computational costs are dominated
by the global attention. Processing a 200 frame sequence
with sparsity ratio of 0.75, for example, will accelerate the
global attention by a factor of four. Depending on the ra-
tio of global attention to the overall runtime, the end-to-end
speed-up will be lower. A comprehensive analysis of the
achievable speed-up is provided in the supplementary.

In the main text, we show results for common bench-
marks on relative pose estimation (Real Estate 10K [52],
Common Objects in 3D [30] TUM [36], and ScanNet [7]),
and pointmap estimation (7Scenes [35], NRGBD [1],
DTU [19], and ETH3D [33]). Additionally, we show re-
sults for scene-level pose estimation on the Tanks & Tem-
ples dataset [22]. In the supplementary materials, we also
show results on longer sequences of the ScanNet [7] dataset.

5.1. Regression Tests
We evaluate our sparsified model on relative pose and
pointmap estimation, using a range of common benchmark
datasets. Unless indicated otherwise, we closely follow the
setting of the original VGGT paper [41]. For a compre-
hensive high-level overview of the results, we visualize the
sparsity-performance trade-off in Fig. 7. The results show
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Figure 7. Results for Relative Pose Estimation (top) Multi-View Reconstruction (bottom). Multi-view reconstruction performance
seems to be robust against sparsification of global attention; even in the highest sparsity settings, the results are on par or better than other
state-of-the-art methods. We provide comprehensive tables for these results in the supplementary material.
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Figure 8. Qualitative examples. We show examples from the ETH3D dataset [33]. Increasing sparsity leads to small perturbations in the
reconstruction, but the overall quality stays remarkably high. Additional qualitative examples can be found in the supplementary material.

that task performance degrades comparatively little with in-
creasing sparsity. Both VGGT and π3 achieve results com-
parable to other state-of-the-art models even at high spar-
sity ratios, which is further corroborated by the qualitative
examples provided in Fig. 8.

Pose Estimation involves determining the 6DoF pose for
each input view. We evaluate AUC@30 on Common Ob-
jects in 3D [30] and Real Estate 10K [52], as well as ATE
on TUM Dynamic [36] and ScanNet [7]. For these experi-
ments on TUM and ScanNet, we follow the setup of previ-

ous works [44, 48] and sample 90 frames with a temporal
stride of 3 from the beginning of each sequence. We show
aggregate results in Fig. 7 (top). While we observe a contin-
uous decrease in pose accuracy for increasing sparsity lev-
els, the modified model still performs comparable to other
state-of-the-art methods.

Multi-view Pointmap Estimation is the task of predicting
the surface 3D point for each pixel in all input images. We
evaluate on 7Scenes [35], NRGBD [1], ETH3D [33], and
DTU [19] following π3 [44] and VGGT [41]. We show a
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Figure 9. Pose estimation on Tanks & Temples for different
input sizes and sparsity ratios. We show more comprehensive
results in the supplementary materials.

compact representation of the results in Fig. 7 and full result
tables in the supplementary. We observe similar trends as
before: task performance stays at an acceptable level even at
high sparsity ratios. The apparent improvements on ETH3D
are likely attributable to randomness. Overall, we do not
expect the sparse models to outperform the baseline.

5.2. Long-Sequence Relative Pose Estimation
To test the scalability of our block-sparse attention scheme,
we evaluate pose estimation on the Tanks & Temples bench-
mark [22]. We report AUC@30 in Fig. 9, for which we ob-
serve very little degradation with increasing effective spar-
sity. On sequences with 200 frames, our sparse π3 model
with an effective sparsity ratio of 75% runs around twice as
fast as the baseline model on an H100 GPU; on longer se-
quences, the speed-up increases further. An analysis of the
achievable speed-up, time measurements, as well as sim-
ilar experiments on long sequences from the ScanNet [7]
dataset can be found in the supplementary materials.

5.3. Ablations
To validate our design decisions, we compare our method
to SpargeAttention [49] and a random masking baseline
in Fig. 10; we provide additional results in the supple-
mentary material, including a comparison to SeerAtten-
tion [15]. As expected, performance with random masking
drops rapidly as the sparsity ratio increases. SpargeAtten-
tion utilizes CDF-thresholding as the main sparsity mecha-
nism and keeps additional tokens based on intra-block sim-
ilarity thresholding; for low sparsity ratios, their perfor-
mance is similar to ours, but with increasing sparsity perfor-
mance drops. Since our method combines Top-K and CDF
thresholding, it is more robust against high sparsity ratios.
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Figure 10. Baseline sparse attention comparison. All shown
experiments do not employ SpargeAttention’s hilbert permutation.
See the appendix for a more comprehensive comparison.

6. Discussion

We analyzed global attention in transformer-based geom-
etry estimators, VGGT and π3, and found that it exhibits
unstructured sparsity patterns, which can be interpreted as
exhaustive correspondence search and is most pronounced
in the middle aggregator layers. Building on these obser-
vations, we adapted a block-sparse global attention mecha-
nism for patch-patch interactions, improving scalability to
large image sets. Our approach achieves task performance
comparable to the original model while being more than
three times faster during inference on large-scale scenes.

While we focused on increasing the number of input im-
ages in this study, our approach is also applicable to speed-
ing up inference on higher-resolution inputs. Doubling the
input resolution results in four times as many patch tokens
and in turn to 16× more compute spent on global attention,
drastically exacerbating the existing bottleneck.

Exploiting block-wise sparsity is orthogonal to other ac-
celeration approaches like FlashAttention [8, 9, 34], and can
potentially be integrated into the training procedure to re-
duce the impact on task performance.
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ing image matching in 3d with mast3r. In ECCV, 2024. 1,
2

[25] David G Lowe. Distinctive image features from scale-
invariant keypoints. IJCV, 2004. 3

[26] Enzhe Lu, Zhejun Jiang, Jingyuan Liu, Yulun Du, Tao Jiang,
Chao Hong, Shaowei Liu, Weiran He, Enming Yuan, Yuzhi
Wang, et al. Moba: Mixture of block attention for long-
context llms. arXiv preprint arXiv:2502.13189, 2025. 3

[27] Maxime Oquab, Timothée Darcet, Théo Moutakanni, Huy
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