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Abstract. Feed-forward 3D reconstruction (F3R) transformers have re-
cently achieved remarkable success. However, scaling them to long image
sequences remains challenging, as the quadratic complexity of cross-view
global attention quickly becomes the dominant computational bottle-
neck. While recent efforts attempt to improve efficiency through com-
pressed or sparse attention, they fail to fully exploit the inherent spar-
sity and dynamic behavior of global attention. In this work, we present a
comprehensive analysis of global attention across multiple F3R trans-
formers and reveal that attention patterns are highly heterogeneous,
dynamic, and extremely sparse across layers and attention heads. Mo-
tivated by these findings, we propose SAF3R, a training-free dynamic
sparse attention framework tailored to F3R transformers. SAF3R inte-
grates tailored sparse attention mechanisms with offline head profiling
and an efficient online adaptation strategy to match input-dependent
attention behaviors. Extensive experiments demonstrate that SAF3R
achieves high sparsity ratios while preserving camera pose estimation
and 3D reconstruction quality, translating into substantial end-to-end
speedup on F3R transformers compared to existing methods. Code is
available at https://github.com/jndeng/SAF3R.
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1 Introduction

Recent advances in deep learning have catalyzed a paradigm shift in 3D geomet-
ric estimation, transitioning from iterative optimization-based pipelines [10, 20,
21, 24] to end-to-end neural architectures that directly infer geometry from raw
images [14,32,34,42,43]. In particular, large-scale feed-forward 3D reconstruction
(F3R) models [12,15,31,36] have achieved remarkable progress in geometric re-
construction and multi-view scene understanding. These models adopt a unified
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VGGT (102.6 seconds)

Ours (21.7 seconds)

DA3 (72.6 seconds)

Ours (15.4 seconds)

Fig. 1: Left: SAF3R accelerates feed-forward 3D reconstruction (F3R) models while
preserving reconstruction quality. Right: SAF3R outperforms prior efficient F3R meth-
ods on camera pose estimation and achieves performance close to the original model.

transformer architecture [29] that jointly performs multiple geometric tasks, in-
cluding camera pose estimation and dense point map prediction. A key character-
istic of F3R transformers is the use of cross-view multi-head self-attention [9,29]
to model long-range geometric relationships across frames. By allowing tokens
from all views to interact globally, they directly infer consistent scene geometry
and camera poses in an end-to-end feed-forward manner, eliminating the need
for explicit feature matching or global optimization. Fig. 2 illustrates the general
architecture shared by existing F3R transformers [12,15,31,36].

However, scaling F3R transformers to long image sequences remains challeng-
ing, as the quadratic complexity of cross-view global attention quickly dominates
memory consumption and latency, severely limiting scalability and real-time de-
ployment [23, 30]. To mitigate this issue, recent works explore efficient approx-
imations to full global attention, including token compression [6, 23, 25, 35, 37]
and sparse attention mechanisms [19, 26, 30]. A summary of these methods is
provided in Tab. 1. While these approaches reduce computational cost, they
typically adopt static or homogeneous sparsity configurations shared across lay-
ers and heads. Such designs overlook a critical property of F3R transformers:
their unified multi-task architecture, which jointly models sparse camera pose
estimation and dense point cloud reconstruction, induces inherently non-uniform
and dynamic global attention patterns. Instead, our analysis reveals that global
attention behavior varies significantly across layers, heads, and input scenes,
suggesting that naïve sparsification may discard critical cross-view geometric
information or waste computation on uninformative attention links.

Based on these insights, we introduce SAF3R, a training-free dynamic sparse
attention inference framework tailored to F3R transformers. The SAF3R frame-
work determines and applies the most appropriate sparse attention pattern for
each individual head across all global attention layers, fully leveraging the hetero-
geneous and input-dependent nature of global attention. Through comprehensive
analysis, we first categorize global attention heads into four types and design tai-
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Fig. 2: Overview of the architecture shared by existing F3R transformers [12,15,31,36].
Image patches are first encoded by a DINO [5, 17] encoder and then processed by N
alternating attention blocks of local and global attention, each consisting of multi-head
self-attention (MHA) and feed-forward networks (FFN).

lored sparse attention kernels for each. Building on this design, SAF3R adopts a
two-stage pipeline consisting of offline head profiling and online pattern adapta-
tion. In the offline stage, we search for head-specific sparse configurations starting
from a uniform-stride sparse attention baseline [23, 26], progressively refining
it while ensuring no increase in approximation error on a calibration dataset.
During inference, SAF3R executes these optimized configurations and dynam-
ically adjusts input-dependent sparse patterns (e.g ., Top-K indices) through
lightweight approximation and index caching. We evaluate SAF3R on multiple
F3R models and benchmarks. As shown in Fig. 1, our method maintains both
camera pose estimation and point cloud reconstruction quality while providing
up to 7× end-to-end speedup on long input sequences.

In summary, our contributions are three-fold: (1) We conduct a comprehen-
sive head-wise analysis of global attention in multiple F3R models, revealing het-
erogeneous and dynamic sparsity patterns across layers and heads. (2) We pro-
pose SAF3R, a training-free dynamic sparse attention framework that exploits
head-specific sparsity patterns to accelerate model inference. (3) We demonstrate
significant computational savings and substantial inference speedup on multiple
F3R models while maintaining camera pose and 3D reconstruction accuracy.

2 Related Work

2.1 Feed-forward 3D Reconstruction Transformers

Early 3D reconstruction pipelines rely on multi-stage optimization methods such
as Structure-from-Motion (SfM) [20] and Multi-View Stereo (MVS) [10], which
have been widely adopted in practice [16,20,21] but are computationally expen-
sive and prone to error accumulation. Recent advances in deep learning have
enabled feed-forward 3D reconstruction (F3R) models that directly infer scene
geometry from unseen images [12, 14, 15, 31–34, 36, 42, 43]. A key milestone is
VGGT [31], which jointly predicts camera poses, depth maps, point maps, and
tracking results within a unified transformer architecture. Subsequent works,
including π3 [36], MapAnything [12], and Depth Anything 3 [15], further im-
prove permutation invariance, metric scale recovery, and reconstruction perfor-
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Table 1: Comparison of efficient global attention mechanisms for F3R transformers.

Method Compression
Strategy

Policy
Scope

Input-
adaptive Head-wise Dynamic

Sparsity

FastVGGT [23] Token Merging Model-level ✗ ✗ ✗
FlashVGGT [37] Token Merging Model-level ✓ ✗ ✗
Co-Me [6] Token Merging Model-level ✓ ✗ ✗
LiteVGGT [25] Token Merging Model-level ✓ ✗ ✗
HTTM [35] Token Merging Model-level ✗ ✓ ✗
SparseVGGT [30] Sparse Attention Model-level ✓ ✗ ✗
Speed3R [19] Sparse Attention Model-level ✓ ✗ ✗
AVGGT [26] Sparse Attention Stage-level ✗ ✗ ✗

SAF3R (Ours) Sparse Attention Head-level ✓ ✓ ✓

mance. Despite their strong performance, these models rely heavily on global
self-attention to capture cross-view geometric relationships, whose quadratic
complexity with respect to token length becomes a major bottleneck for long-
sequence inference.

2.2 Leveraging Sparsity in Attention

Sparse attention has emerged as an effective strategy to alleviate the quadratic
computational cost of attention-based architectures across various domains [11,
13,38–41,44,46–48]. SpargeAttn [47] uses a low-resolution attention approxima-
tion to identify important blocks and computes attention only on them. DuoAt-
tention [39] identifies two general sparse attention patterns in large language
models and learns to assign each head to one of them using synthetic calibration
data. NSA [46] trains the model to combine several predefined sparse attention
patterns. MInference [11] uses offline profiling to assign head-specific sparse at-
tention patterns for efficient inference. FlexPrefill [13] and SVG [38] use online
profiling to determine input- or head-specific sparse attention patterns. How-
ever, unlike the relatively stable attention patterns in language models or the
spatio-temporal locality in vision transformers, F3R models exhibit highly het-
erogeneous and task-dependent attention distributions across layers and heads
due to their multi-task nature. This motivates systematic head-level analysis and
tailored sparse kernel designs for F3R transformers.

2.3 Efficient Global Attention for F3R Transformers

Recent works explore token compression and sparse attention mechanisms to al-
leviate the computational bottleneck of global attention. FastVGGT [23] adopts
token merging [3, 4] to reduce the number of tokens before attention based
on patch-level similarity. Subsequent works improve token merging with better
anchor token selection. FlashVGGT [37] computes global descriptors and per-
forms token merging via interpolation rather than simple averaging. Co-Me [6]
uses confidence maps from F3R models to guide merging, while LiteVGGT [25]
further exploits geometric cues, such as edges, to select important anchor to-
kens. HTTM [35] introduces head-wise token merging and spatio-temporal block
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Fig. 3: Representative global attention patterns across layers (G) and heads (H). Gray
dashed lines in the attention maps separate tokens from different images. Similar ob-
servations apply to MapAnything and π3 (see the appendix). Zoom in for best view.

grouping to reduce similarity-computation overhead. However, merging-based
methods heavily depend on anchor token selection, typically operate at relatively
low sparsity ratios, and introduce non-trivial overhead for identifying tokens to
merge. On the other hand, SparseVGGT [30] and AVGGT [26] approximate
global attention with structured sparsity, yet their use of simple predefined spar-
sity patterns fails to model heterogeneous attention distributions. Speed3R [19]
introduces trainable sparse attention to approximate global attention, but re-
quires costly model retraining. As shown in Tab. 1, existing methods do not
jointly capture the dynamic and head-level heterogeneous behavior of global
attention, limiting their ability to fully exploit attention sparsity.

3 Analysis of Global Attention in F3R Transformers

In this section, we conduct a comprehensive study of cross-view global attention
in four representative F3R models: VGGT [31], π3 [36], MapAnything [12], and
Depth Anything 3 (DA3) [15]. Since attention is computed in a multi-head man-
ner, we perform head-level analysis to capture heterogeneous behaviors across
heads. We use randomly sampled image sequences from the 7Scenes dataset [24].
Below, we summarize our observations, which provide key insights into the un-
derlying mechanisms, sparsity characteristics, and opportunities for acceleration.

Observation#1: Global attention patterns are heterogeneous across
models, layers, and heads. Fig. 3 visualizes global attention maps across lay-
ers and heads in different F3R models. We observe a clear three-stage progression
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Fig. 4: (a) and (b) illustrate the high sparsity of correspondence heads, while (c) shows
the content-dependent dynamic nature of vertical-line heads.

with distinct functional roles and sparsity patterns. In shallow layers, attention
mainly performs local aggregation or focuses on a few salient patches, showing
concentrated and often static sparsity with limited cross-view interaction. In
middle layers, attention establishes point-to-point correspondences across views,
where sparsity remains high but becomes semantically structured and content-
dependent. In later layers, attention becomes more diffuse and mainly refines
representations and camera poses relative to the anchor frame. This stage-wise
behavior is consistent with prior findings [23,26,30].

Beyond this stage-wise trend, global attention exhibits more nuanced hetero-
geneity. Attention patterns vary substantially across heads, even within the same
layer, suggesting that functional roles cannot be fully characterized at the coarse
layer or stage level, as commonly assumed in prior work [23, 25, 26, 30]. More-
over, attention behaviors differ across F3R models. For example, DA3 does not
show the positional-encoding-induced local attention patterns observed in the
early and late layers of VGGT. These findings highlight the need to model het-
erogeneity across both layers and heads, motivating a head-wise heterogeneous
compression strategy for F3R transformers.

Observation#2: Attention heads can be categorized into four types
based on their behaviors. (1) Position heads, whose attention is dominated
by positional encoding rather than semantic features, exhibiting patterns that
are either fixed across all image blocks (e.g ., G0-H3 and G0-H1) or predomi-
nantly attend to the anchor image which defines the camera coordinate frame
(e.g ., G19-H1 and G19-H11 in VGGT); (2) Vertical-line heads, where most
queries consistently attend to a few critical keys (salient image patch tokens or
sink tokens [8,40]), forming prominent “lines” in the attention maps (e.g ., G7-H7
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and G14-H4); (3) Correspondence heads, where attention is primarily driven
by semantic features, and each query selectively attends to the key correspond-
ing to the same 3D location as shown in Fig. 4 (e.g ., G14-H4 and G14-H10); (4)
Scanning heads, which constitute the majority of attention heads, exhibit di-
verse attention patterns distributed across positions in all images. The head-level
diversity also induces distinct sparsity behaviors across head types and layers.
Position and scanning heads are typically less sparse, while correspondence heads
are highly sparse, attending to only a few key tokens. Vertical-line heads exhibit
layer-dependent sparsity, with early-layer heads being sparser than middle ones.

Observation#3: Some global attention heads are highly dynamic
(i.e., input-dependent). We observe that global attention heads exhibit both
static and dynamic behaviors. While some heads produce attention patterns that
remain largely consistent across inputs, others vary depending on the visual con-
tent. Fig. 4 visualizes attention maps of two types of dynamic heads. As shown,
these heads follow a fixed attention type (e.g ., capturing correspondence rela-
tionships or attending to a few specific keys), while the exact attention patterns
remain input-dependent. This suggests that sparse attention patterns should not
be fixed, but should instead adapt dynamically to the input.

4 Proposed Dynamic Sparse Attention Framework

We present SAF3R, a two-stage dynamic Sparse Attention framework that ex-
ploits heterogeneous sparsity in F3R transformers for efficient inference. Fig. 5
illustrates the overall framework. We first introduce sparse attention mechanisms
tailored to head-wise attention patterns (Sec. 4.1). We then present an offline
profiling strategy to identify the appropriate sparse type for each head (Sec. 4.2),
followed by an online adaptation mechanism that dynamically adjusts attention
patterns based on head types and input content during inference (Sec. 4.3).

(a) Offline Head Profiling (b) Online Pattern Adaptation
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Fig. 5: Overview of the proposed SAF3R framework.
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4.1 Tailored Sparse Attention Kernels

Based on the head categorization in Sec. 3, we develop tailored sparse attention
kernels for each attention type to exploit their distinct sparsity patterns. Each
kernel reduces the computational complexity of attention from O(N2) to O(N).

Static Kernel. Since attention in positional heads is content-independent,
we design a static kernel that computes fixed sparse attention patterns, e.g .,
allowing all queries to attend to a designated anchor frame or broadcasting the
first frame’s local attention map to other frames for cross-view interaction.

Query-Probe Top-K Kernel. For vertical-line heads, where attention
mass is concentrated on a few critical key tokens (forming several prominent
lines in the attention map), we restrict computation to attention scores between
all queries and these key tokens, omitting the remaining interactions. As ana-
lyzed in Sec. 3, the small set of key tokens is dynamic and input-dependent,
which prevents the use of a fixed attention pattern. Therefore, we estimate key
positions on the fly using a lightweight pre-computation, as detailed in Sec. 4.3.

DINO Top-K Kernel. Correspondence heads exhibit clear semantic be-
havior, attending to relevant patches at corresponding spatial locations across
frames. We observe that DINO patch features already capture such semantic
information and can serve as effective correspondence estimators, as visualized
in the appendix. Therefore, we pre-compute the cosine similarity between each
patch token and all other patch tokens using the DINO features, and select the
Top-K most similar tokens from each frame as the keys and values for atten-
tion. Empirically, this strategy provides strong coverage of the full attention
distribution with a relatively small K.

Uniform Sampling Kernel. For scanning heads, attention patterns are di-
verse and broadly distributed across tokens. Unlike other head types that focus
on a small subset of keys, scanning heads aggregate information from a wide
range of spatial locations without clear structural regularity, making pattern-
specific key selection prone to missing important interactions. Therefore, fol-
lowing prior work [23, 26], we adopt a uniform sampling kernel that selects key
positions with a fixed stride. This strategy provides an effective approximation
by evenly covering the token space. In practice, it performs well at relatively high
sampling ratios (i.e., retaining 25%–50% of keys), but its performance degrades
rapidly as the ratio decreases.

4.2 Offline Head Profiling

With tailored sparse kernels for each attention type, the remaining challenge is
how to assign each attention head to the appropriate category to fully exploit
sparsity while maintaining performance. To this end, we propose a simple yet
effective sparsity search strategy based on progressive local substitution. Specif-
ically, the search starts from a baseline configuration cbase that uses a uniform
sampling kernel with sparsity ratio σ. For each head h, we then define a candi-
date set of configurations Ch = {c1, c2, . . . , cS} that includes alternating sparse
attention kernels (e.g ., DINO Top-K and Query-Probe Top-K) under different
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settings (e.g ., K). All configurations in the candidate set are designed to have
equal or higher sparsity than the baseline uniform sampling kernel. Next, we
compute the exact full-attention output O

(h)
full ∈ RN×D and the sparse attention

output O
(h,c)
sparse ∈ RN×D under configuration c, and define the approximation

cost using Normalized Mean Squared Error (NMSE):

E(c) = EDcalib

[
∥O(h)

full −O
(h,c)
sparse∥22

∥O(h)
full∥22

]
, (1)

where Dcalib is a small calibration dataset used for profiling.
We then evaluate candidate sparse configurations using a progressive sub-

stitution strategy. Starting from the baseline configuration cbase, we iteratively
update the current best configuration whenever a candidate achieves lower ap-
proximation error. Formally, the selected configuration minimizes the approxi-
mation error under the constraint that its computational complexity does not
exceed that of the baseline:

c∗ = argmin
c∈Ch∪{cbase}

E(c) s.t. Ω(c) ≤ Ω(cbase), (2)

where Ω(c) denotes the computational cost of configuration c (measured by
floating-point operations). The progressive replacement produces a heteroge-
neous head-wise sparsity configuration that preserves the accuracy of the base-
line while achieving equal or lower inference cost. Empirically, this simple greedy
search significantly increases sparsity while incurring no accuracy loss.

4.3 Online Pattern Adaptation

In offline profiling stage, we determine the appropriate kernel and configuration
for each attention head. Due to the dynamic nature of Query-probe and DINO
Top-K heads, we further introduce an online adaptation mechanism to refine
the attention patterns for each input sequence during inference.

Query-Probe Top-K Kernel. One intuitive approach is to compute the
full pre-softmax attention matrix, average the scores across queries, and select
the Top-K keys. However, this requires O(N2) attention computation, eliminat-
ing any potential speedup. Instead, we show that selecting keys based on the
column-wise average of the full attention scores admits an equivalent yet more
efficient O(N) formulation. Let Q,K ∈ RN×D denote the query and key ma-
trices, and S = QK⊤/

√
D the pre-softmax attention scores. By the linearity of

inner products, the column-wise average of S across queries can be written as
the similarity between each key and the mean query q̄ = 1

N

∑N
i=1 qi. Therefore,

selecting the Top-K columns according to the averaged attention scores is equiv-
alent to computing a single probe vector q̄K⊤/

√
D and ranking keys accordingly.

This preserves the exact ranking induced by column-wise averaging of the full
attention scores while incurring only negligible overhead.

DINO Top-K Kernel. For each input sequence, we extract the output
from the last DINO block and compute the global cosine similarity between all



10 J. Deng et al.

patches, storing the indices of the per-frame Top-K matched patches. Although
this introduces an O(N2) computation, the indices are cached and reused by all
subsequent DINO Top-K kernels, thereby amortizing the computational cost.
We explore token-wise and block-wise implementations, which compute exact
token-level similarities and block-level similarities averaged over multiple tokens,
respectively, offering trade-offs between efficiency and retrieval accuracy.

5 Experiments

5.1 Experimental Setup

Evaluation benchmarks and metrics. We evaluate F3R transformers for
camera pose estimation and point cloud reconstruction under both sparse and
dense settings. For sparse evaluation, we uniformly sample 128 frames from each
scene (or use all frames if fewer are available) in the following datasets: Co3D-
v2 [18], RealEstate10K [49], 7Scenes [24], HiRoom [15], ETH3D [22], Scan-
Net++ [45], and DTU [1]. For dense evaluation, we uniformly sample 300 -
700 frames from each scene in 7Scenes [24] and ScanNet [7]. We follow the
DA3-bench [15] evaluation protocol for both tasks across all datasets, except for
ScanNet, where we adopt the evaluation protocol from FastVGGT [23].

For camera pose evaluation, we report Area Under the Curve (AUC) fol-
lowing [15, 31], where accuracy is defined as the minimum of relative rotation
accuracy (RRA) and relative translation accuracy (RTA). Results at 3◦ and 30◦

are reported. We additionally report Absolute Trajectory Error (ATE), Abso-
lute Rotation Error (ARE), and Relative Pose Error (RPE). For point cloud
reconstruction, we report Accuracy, Completeness, Chamfer Distance (CD), and
F1-score following [15].

Baselines. We evaluate on three representative large-scale F3R transform-
ers: VGGT [31], π3 [36], and Depth Anything 3 (DA3-Giant) [15], which con-
tain 24, 18, and 14 global attention blocks, respectively. We compare against
state-of-the-art token compression approaches designed for F3R models, includ-
ing FastVGGT [23], Co-Me [6], as well as sparse attention methods Sparse-
VGGT [30] and AVGGT [26] 6. For VGGT, we adopt the memory-efficient im-
plementation from FastVGGT [23]. The merging ratios are set to 0.9 and 0.5 for
FastVGGT and Co-Me, respectively, following the official implementations. For
SparseVGGT [30], we adopt a block sparsity ratio of 0.75, while for AVGGT we
use a subsampling factor of 4. Except for Co-Me, all compared methods focus
on optimizing global attention while leaving the rest of the model unchanged.

Implementation details. The proposed framework is implemented in Py-
Torch [2] with custom Triton kernels [28]. For offline head profiling, we sample
10 training sequences from ETH3D [22] for calibration, spanning indoor and
6 Since no public code is available, we re-implement the method based on the paper.
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Table 2: Comparisons of camera pose estimation accuracy under sparse settings
(10 - 128 images). We report both AUC@3 (↑) and AUC@30 (↑) metrics. Results are
in percentages (%). Full-attention baselines are marked in gray .

Methods Co3D-v2 [18] Re10K [49] 7Scenes [24] ETH3D [22] ScanNet++ [45] HiRoom [15] DTU [1]

AUC@30 AUC@3 AUC@30 AUC@3 AUC@30 AUC@3 AUC@30 AUC@3 AUC@30 AUC@3 AUC@30 AUC@3 AUC@30 AUC@3

VGGT [31] 90.34 58.26 80.11 23.99 84.64 23.66 81.68 29.42 94.78 61.70 88.07 48.05 85.26 79.66
FastVGGT [23] 84.84 34.73 76.99 18.39 83.01 18.67 76.05 19.83 90.15 39.81 75.36 25.23 81.77 52.95
SparseVGGT [30] 82.83 18.59 69.80 13.76 81.17 14.72 65.25 12.29 88.12 21.44 68.45 23.16 82.05 50.51
Co-Me [6] 86.15 40.02 75.25 17.64 80.70 16.19 70.87 18.25 88.76 33.84 76.38 28.33 84.10 72.31
AVGGT [26] 87.78 47.10 78.22 20.85 84.51 22.25 72.94 19.84 92.31 51.57 80.54 34.22 85.20 79.60
SAF3R (Ours) 89.19 52.68 78.35 23.04 84.49 23.57 75.65 22.49 91.33 47.65 73.93 37.51 84.82 77.71

π3 [36] 90.91 60.83 90.56 57.03 86.15 24.09 85.57 32.70 93.83 57.05 94.47 64.73 94.85 62.95
Fastπ3 [23] 87.56 40.49 88.40 47.20 85.30 23.80 79.32 24.20 91.46 44.28 87.24 37.92 93.03 54.24
Sparseπ3 [30] 82.14 15.14 81.52 30.48 81.15 12.25 75.36 14.37 84.89 16.14 82.70 28.57 92.90 46.30
Aπ3 [26] 89.27 50.69 89.06 52.11 86.07 24.22 78.03 22.74 92.68 50.42 90.40 46.92 93.45 55.30
SAF3R (Ours) 90.14 53.98 89.69 52.44 85.85 23.48 83.03 24.30 93.48 50.76 92.13 51.96 94.79 61.46

DA3 [15] 90.58 53.28 91.10 57.91 86.71 28.59 91.40 48.37 98.17 84.85 95.92 80.20 99.38 93.99
FastDA3 [23] 87.31 43.42 88.97 52.16 85.90 28.53 88.53 37.89 94.58 76.36 92.93 63.23 98.82 88.69
ADA3 [26] 84.44 39.72 83.95 37.44 85.15 25.05 64.13 16.60 71.26 30.84 85.36 49.32 97.36 77.91
SAF3R (Ours) 89.73 50.42 89.94 52.92 86.80 28.84 87.85 35.39 92.84 62.79 94.68 79.15 98.99 90.39

Table 3: Comparison of point cloud reconstruction performance under sparse set-
tings (10 - 128 images). We report Accuracy (Acc.), Completeness (Comp.), Chamfer
Distance (CD), and F1-score (F1). Full-attention baselines are marked in gray .

Methods 7Scenes [24] ETH3D [22] ScanNet++ [45] HiRoom [15]

Acc.↓ Comp.↓ CD↓ F1↑ Acc.↓ Comp.↓ CD↓ F1↑ Acc.↓ Comp.↓ CD↓ F1↑ Acc.↓ Comp.↓ CD↓ F1↑

VGGT [31] 0.155 0.125 0.140 0.480 0.306 0.831 0.568 0.634 0.045 0.092 0.069 0.692 0.107 0.092 0.100 0.554
FastVGGT [23] 0.127 0.134 0.130 0.478 0.355 0.926 0.640 0.519 0.055 0.109 0.082 0.568 0.181 0.161 0.171 0.429
SparseVGGT [30] 0.156 0.161 0.159 0.371 0.426 1.779 1.102 0.460 0.078 0.120 0.099 0.447 0.246 0.203 0.225 0.279
Co-Me [6] 0.121 0.158 0.140 0.455 0.557 1.221 0.889 0.548 0.094 0.114 0.104 0.486 0.210 0.134 0.172 0.406
AVGGT [26] 0.152 0.127 0.139 0.447 0.414 1.301 0.858 0.486 0.067 0.108 0.088 0.571 0.156 0.123 0.140 0.467
SAF3R (Ours) 0.144 0.127 0.136 0.473 0.406 1.048 0.727 0.576 0.066 0.108 0.087 0.562 0.257 0.184 0.220 0.459

π3 [36] 0.134 0.098 0.116 0.430 0.270 0.762 0.516 0.695 0.047 0.092 0.070 0.649 0.053 0.043 0.048 0.737
Fastπ3 [23] 0.141 0.094 0.117 0.473 0.290 0.761 0.525 0.621 0.063 0.105 0.084 0.519 0.127 0.099 0.113 0.352
Sparseπ3 [30] 0.163 0.113 0.138 0.332 0.811 0.879 0.845 0.435 0.166 0.164 0.165 0.231 0.234 0.145 0.190 0.203
Aπ3 [26] 0.132 0.099 0.115 0.433 0.292 0.826 0.559 0.665 0.054 0.097 0.075 0.569 0.099 0.063 0.081 0.561
SAF3R (Ours) 0.150 0.101 0.125 0.424 0.274 0.760 0.517 0.667 0.051 0.095 0.073 0.598 0.092 0.074 0.083 0.501

DA3 [15] 0.119 0.128 0.124 0.524 0.237 0.667 0.452 0.793 0.035 0.080 0.057 0.796 0.048 0.044 0.046 0.859
FastDA3 [23] 0.123 0.145 0.134 0.529 0.290 0.711 0.501 0.734 0.034 0.082 0.058 0.782 0.060 0.060 0.060 0.762
ADA3 [26] 0.120 0.144 0.132 0.533 0.792 1.727 1.260 0.420 0.172 0.193 0.182 0.467 0.163 0.097 0.130 0.631
SAF3R (Ours) 0.120 0.150 0.134 0.514 0.281 0.666 0.474 0.710 0.057 0.090 0.074 0.673 0.053 0.048 0.051 0.842

outdoor scenes. We use a global sparsity ratio of σ = 0.85 as the search baseline.
The profiled configurations for each model are provided in the appendix. During
online inference, we set K between 16 and 128 per frame for the DINO Top-K
kernel depending on the scene, balancing efficiency and reconstruction accuracy.
All experiments are conducted on a single NVIDIA H100 GPU (80GiB VRAM).

5.2 Main Results

Camera pose estimation. Tab. 2 presents the comparison of camera pose
estimation performance of F3R models under sparse settings. As shown, our
method outperforms existing efficient F3R models on most datasets. Notably, it
preserves camera pose accuracy even under very strict error tolerances, resulting
in only negligible degradation on the challenging AUC@3 metric, while other
methods suffer noticeable performance drops. As shown in Tab. 4, our method
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Table 4: Comparisons of camera pose and point cloud estimation on ScanNet-
50 [7] dataset under dense settings. The average speedup (Spd.) measured relative
to the baseline is reported. Full-attention baselines are marked in gray .

Method 300 Images 500 Images 700 Images

ATE↓ ARE↓ RPE-T/R↓ CD↓ Spd.↑ ATE↓ ARE↓ RPE-T/R↓ CD↓ Spd.↑ ATE↓ ARE↓ RPE-T/R↓ CD↓ Spd.↑

VGGT [31] 0.14 3.64 0.03/0.74 0.45 1.0× 0.15 4.14 0.04/0.98 0.47 1.0× 0.19 4.63 0.04/0.97 0.47 1.0×
Fast-VGGT [23] 0.13 3.48 0.03/0.77 0.44 2.8× 0.13 3.54 0.03/0.62 0.46 3.2× 0.14 3.72 0.03/0.73 0.47 3.4×
Sparse-VGGT [30] 0.16 4.51 0.04/0.96 0.48 2.5× 0.18 5.49 0.04/1.30 0.48 2.7× 0.21 5.85 0.06/1.65 0.48 2.8×
Co-Me [6] 0.16 3.96 0.05/1.24 0.45 2.6× 0.15 4.02 0.05/1.19 0.45 3.5× 0.18 4.58 0.06/1.20 0.49 4.0×
A-VGGT [26] 0.15 3.95 0.04/0.97 0.44 3.1× 0.16 4.31 0.04/1.11 0.45 4.3× 0.20 5.37 0.05/1.60 0.46 4.6×
SAF3R (Ours) 0.15 3.97 0.04/0.85 0.45 3.2× 0.15 4.13 0.03/0.91 0.45 4.6× 0.17 4.47 0.04/1.03 0.46 4.7×

π3 [36] 0.08 2.16 0.02/0.52 0.59 1.0× 0.08 2.17 0.01/0.43 0.59 1.0× 0.08 2.15 0.01/0.37 0.59 1.0×
Fast-π3 [23] 0.09 2.37 0.02/0.55 0.59 2.0× 0.09 2.35 0.02/0.41 0.59 2.2× 0.09 2.39 0.02/0.45 0.60 2.3×
Sparse-π3 [30] 0.14 4.99 0.02/0.61 0.58 2.7× 0.14 4.99 0.02/0.49 0.60 2.9× 0.14 4.98 0.02/0.43 0.59 3.1×
A-π3 [26] 0.10 2.39 0.02/0.55 0.59 4.9× 0.09 2.36 0.02/0.46 0.59 5.9× 0.09 2.37 0.02/0.40 0.60 6.7×
SAF3R (Ours) 0.09 2.36 0.02/0.54 0.58 5.3× 0.09 2.40 0.02/0.44 0.58 6.5× 0.09 2.44 0.01/0.39 0.59 7.3×

DA3 [15] 0.13 3.68 0.02/0.82 0.40 1.0× 0.13 3.73 0.02/0.77 0.40 1.0× OOM OOM OOM OOM OOM
Fast-DA3 [23] 0.13 3.77 0.02/1.00 0.40 2.7× 0.13 3.94 0.02/1.00 0.40 3.1× OOM OOM OOM OOM OOM
A-DA3 [26] 0.35 12.43 0.11/7.34 0.43 3.2× 0.43 13.42 0.10/7.67 0.45 3.8× OOM OOM OOM OOM OOM
SAF3R (Ours) 0.15 5.19 0.03/1.40 0.40 3.3× 0.16 5.71 0.04/1.89 0.43 3.8× OOM OOM OOM OOM OOM

shows a slight performance drop under dense settings on the ScanNet dataset,
particularly in camera rotation estimation, while still achieving relatively low
error compared to the baseline models.

Point cloud reconstruction. We compare the point cloud reconstruction per-
formance of F3R models under sparse and dense settings in Tab. 3 and Tab. 4, re-
spectively. As shown, FastVGGT achieves strong performance on several datasets,
even outperforming the baseline models in some cases. However, it relies on dense
anchor sampling and therefore achieves relatively limited speedup compared
to the baseline. While our method may underperform FastVGGT on certain
datasets, it generally achieves reconstruction quality comparable to the baseline
models and remains competitive with other efficient approaches, while delivering
substantially higher speedup due to dynamic sparse attention.

Efficiency benchmarks. Fig. 6 presents the efficiency benchmarking results
of different methods across models when processing a single scene from the
7Scenes dataset. For short sequences, the bottleneck lies in other components of
the model, such as feed-forward networks, and global attention does not dom-
inate the computation. As a result, all models achieve similar performance. As
the sequence length increases, full-attention baselines become dominated by the
quadratic cost of global attention. In contrast, with acceptable memory overhead
from computing and caching Top-K indices, our method exploits dynamic spar-
sity in attention computation and achieves end-to-end speedups of up to 5.8×,
6.8×, and 3.9× for VGGT, π3, and DA3, respectively.

Visualization of offline profiling results. Fig. 7 presents the offline head
profiling results. As shown, different models exhibit varying degrees of head-wise
heterogeneity, and those with greater heterogeneity benefit more from dynamic
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Fig. 6: Efficiency results for processing a single scene with different sequence lengths.
Latency and memory are measured on scenes with fixed image resolution 480× 640.
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Fig. 7: Offline head profiling results for different F3R models. After profiling, each
global attention head is assigned to one of four predefined kernel types.

sparse attention, highlighting the need for head-wise heterogeneous kernel con-
figurations and the flexibility of our method.

5.3 Ablation Study

Effectiveness of tailored sparse kernels and offline search. We evaluate
the effectiveness of the proposed offline search strategy in Tab. 5. Starting from
a uniform sampling baseline with 85% sparsity, the search progressively replaces
attention kernels with more suitable configurations for each head. The resulting
model further increases the overall sparsity while preserving model accuracy.
Specifically, the selected configurations reduce the number of attended keys by
an additional 6% compared to the baseline, while slightly improving reconstruc-
tion quality. These results demonstrate that the proposed search strategy can
effectively exploit heterogeneous attention behaviors across heads to achieve a
better sparsity-accuracy trade-off.
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Table 5: Effectiveness of the proposed tailored sparse kernels and profiling strategy
(DINO Top-K=128). Camera pose estimation results (AUC@30 and AUC@3) are re-
ported over five runs with different randomly sampled sets of scene images.

Model Configs Sparsity 7Scenes ETH3D ScanNet++ HiRoom DTU

VGGT

Uniform 0.85 83.8±0.3
22.6±0.6

77.2±0.8
23.2±1.4

93.3±0.2
53.9±1.0

82.9±1.1
41.2±1.5

84.5±0.8
71.7±1.1

+Static 0.90 84.4±0.3
23.3±0.5

76.9±0.8
23.5±1.2

93.9±0.3
54.3±0.9

82.2±1.2
40.9±1.1

84.8±1.0
72.5±1.4

+Dynamic 0.91 84.8±0.4
24.2±0.6

78.1±0.9
24.9±1.6

93.6±0.3
54.8±0.9

78.8±1.2
39.1±0.9

85.4±0.8
74.7±1.7

DA3

Uniform 0.82 86.8±0.2
29.3±0.4

86.8±2.1
36.1±3.5

96.8±0.7
74.2±2.3

93.6±0.3
72.5±1.1

98.5±0.5
88.0±2.3

+Static 0.85 86.8±0.3
29.3±0.6

88.4±1.5
38.4±3.2

96.8±0.4
75.3±2.2

93.9±0.7
71.9±1.3

99.1±0.5
88.5±2.1

+Dynamic 0.87 86.8±0.2
29.4±0.5

89.1±2.6
39.3±3.4

97.5±0.4
79.8±2.6

94.9±0.9
81.8±1.9

98.5±0.5
87.2±2.8

Table 6: Effectiveness of DINO Top-K se-
lection on 7Scenes dataset. Sparse attention
is applied only to heads {4, 10, 14} in layer
14 of VGGT.

Kernel Type #Keys AUC@30↑ AUC@3↑ CD↓

Full 100% 84.64 23.66 0.14

Skip 0% 2.56 0.00 0.97

Uniform Stride (s=64) 1.6% 82.13 19.94 0.15
Uniform Stride (s=32) 3.1% 84.45 22.64 0.14

DINO Top-K (K=2) 0.2% 84.40 22.92 0.14
DINO Top-K (K=4) 0.4% 84.51 23.34 0.14

Table 7: Effectiveness of DINO Top-
K selection on Co3D-v2 dataset. Sparse
attention is applied only to heads
{4, 10, 14} in layer 14 of VGGT.

Kernel Type #Keys AUC@30↑ AUC@3↑

Full 100% 90.34 58.26

Skip 0% 19.55 0.03

Uniform Stride (s=64) 1.6% 81.54 33.06
Uniform Stride (s=32) 3.1% 86.85 43.77

DINO Top-K (K=2) 0.2% 87.44 45.34
DINO Top-K (K=4) 0.4% 88.05 48.05

Effectiveness of DINO Top-K for correspondence heads. We compare
the impact of different sparse attention kernels on the correspondence heads.
Tab. 6 and Tab. 7 present the results of applying different sparse attention
kernels to correspondence heads and their impact on model performance. As
shown, skipping these heads results in severe performance degradation. While
uniform sampling requires a large sampling ratio to cover the correspondence
pattern, our DINO Top-K kernel achieves comparable results while attending to
significantly fewer keys, resulting in a 16× increase in sparsity.

Further Analysis of the DINO Top-K kernel. DINO Top-K assumes that
DINO features capture patches similar to those used by correspondence heads.
This assumption can be violated in practice due to limited feature discriminabil-
ity (e.g ., textureless regions, repeated patterns, illumination changes, and large
viewpoint variations). When the assumption fails, correspondence heads may
miss critical regions, leading to performance degradation, especially with small
K. For example, we observe degradation on VGGT in certain HiRoom scenes,
where small K performs worse than uniform sampling. Increasing K effectively
mitigates this issue, albeit at the cost of reduced sparsity. We further evaluate
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Fig. 8: Qualitative comparison across different values of K for the DINO Top-K kernel
on the Oxford Spires dataset.

DA3 on a challenging large-scale outdoor scene with loop closures from the Ox-
ford Spires dataset [27]. As shown in Fig. 8, increasing K progressively improves
trajectory accuracy, whereas uniform striding performs poorly in this setting.
Overall, the choice of K for DINO kernels reflects a trade-off between robust-
ness and efficiency, and the optimal value may vary across scenes.

For future improvements to the DINO Top-K kernel, we identify two promis-
ing directions: (1) more accurate Top-K estimation by deriving indices directly
from the first correspondence head instead of DINO features; (2) combining
Top-K with uniform striding to reduce missing regions in challenging scenes.

6 Conclusions and Limitations

We present SAF3R, a training-free dynamic sparse attention framework for effi-
cient inference in feed-forward 3D reconstruction (F3R) transformers. Our head-
wise analysis reveals that global attention in F3R models exhibits strong het-
erogeneity and input-dependent sparsity. By exploiting these properties, SAF3R
achieves significant end-to-end speedup while preserving reconstruction and pose
estimation quality. We hope our findings provide new insights of global attention
in F3R transformers and inspire future research on efficient F3R architectures.
Limitations. Our method primarily targets key-value sparsity in global atten-
tion, and further acceleration could be achieved by exploiting sparsity in other
components, query-side redundancy, or integration with token merging. In ad-
dition, the DINO Top-K kernel may be less robust in challenging scenes where
DINO features do not reliably localize correspondence regions, requiring larger
K and thus reducing sparsity.
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