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Fig. 1: BLASt3R is an unconstrained 3D reconstruction pipeline that scales to thou-
sands of views in both offline and online scenarios. (left) Qualitative examples from
sequences of Tanks&Temples [49], ETH3D [81], and (middle) TUMRGBD [87]. (right)
Accuracy-speed tradeoff on ETH3D. We achieve top results at a higher speed than the
previous best methods.

Abstract. Recent hybrid Structure-from-Motion (SfM) systems com-
bine the robustness of feed-forward 3D reconstruction with the accuracy
of traditional bundle adjustment (BA) with pixel matching. They are
usually the best performing methods however their scalability and us-
ability remains limited since estimating dense correspondences between
views is prohibitively costly, especially considering time constraints in-
herent to online applications like Visual SLAM (VSLAM). In this paper,
we introduce a regularized BA framework that leverages a fast multi-
view matcher and monocular priors for initialization and regularization.
In contrast to existing systems, our unified approach seamlessly supports
both online VSLAM and offline reconstruction from unordered image col-
lections within the same optimization framework and sharing common
hyperparameters for all tasks. Extensive experiments across both do-
mains demonstrate improved performance and speed tradeoffs over tra-
ditional, feed-forward, and hybrid baselines. Notably for VSLAM, our
uncalibrated method outperforms all previous calibrated approaches.

1 Introduction

Classical projective geometry and multi-view reconstruction works established
the mathematical foundations for estimating structure and motion from multiple
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RGB views, including epipolar constraints, camera self-calibration, and joint re-
�nement via bundle adjustment (BA) [37,96]. These ingredients are the basis of
multiple practical systems for both o�ine Structure-from-Motion (SfM) from un-
ordered collections [78,79] and online video streams via Visual Simultaneous Lo-
calization and Mapping (VSLAM) [29,67]. The recent rise of data-driven meth-
ods, often considered orthogonal and bound to replace these historical works,
has provided a new take to the problem, deferring all geometric reasoning to
Neural Networks and e�ectively removing all geometric optimizations from the
pipeline [16]. Interestingly, several works have embraced both sides of the coin
which leads today's methods to broadly fall into the three following families.

Traditional SfM decomposes the problem into a sequence of well-understood
steps�feature detection, matching, geometric veri�cation, camera registration,
triangulation, and BA�yielding highly accurate and scalable reconstructions on
large, unordered image collections [78,79]. These pipelines, however, can be brit-
tle under low-texture, wide-baseline, or challenging photometric conditions, and
in their vanilla form, are not geared for real-time online processing. VSLAM
approaches make this possible by enforcing strict temporal coherence and mo-
tion continuity assumptions, which limit their applicability beyond controlled
sequential settings [29,67].

Feed-forward 3D (FF3D) methods, sparked by DUSt3R [108], are purely data
driven and consist in predicting 2D-3D mappings (pointmaps) in a single forward
pass of a neural network, i.e. directly inferring cameras and 3D geometry from an
image pair. Later extended to arbitrary numbers of views [16,102], these models
are fast and robust but lack the accuracy level of optimization-based SfM.

Hybrid approaches seek the best of both worlds by using strong learned priors
either for pixel matching, initialization or regularization of traditional geomet-
ric optimization. Recent examples of hybrid systems for the SfM case include
MASt3R-SfM [28], VGGT-Long [21], VGGT-SLAM [64] which both integrates
SfM around the strong priors obtained from local reconstructions and multi-view
matches from [53,102]. The case of real-time dense VSLAM can also bene�t from
similar priors as in MASt3R-SLAM [68]. In a sense, VGGT [102] also exempli-
�es this family as its best performance is obtained by passing predicted coarse
reconstructions and pixel correspondences to COLMAP [78]. These methods all
o�er strong accuracy at the cost of a high processing time and large compute
requirements both for training and inference.

In this work, we introduce BLASt3R, a hybrid reconstruction system that
couples fast multi-view matching with depth-regularized BA over adjustable depth
maps. Concretely, and as illustrated in Figure 2, we (i) perform e�cient multi-
view matching to obtain reliable, scalable correspondences; (ii) leverage mono-
cular priors as initialization and to serve as regularizer with a compact, optimiz-
able pointmap representation; and (iii) solve a uni�ed BA that jointly re�nes
cameras, sparse tracks, and the low-dimensional depth parameters. Our formu-
lation naturally interpolates between classical sparse SfM and depth-regularized
SLAM: it reduces to standard BA when depth parameters are inactive and it
resembles dense SLAM formulations otherwise. Crucially, this uni�ed approach
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Fig. 2: Overview of BLASt3R, an integrated approach for dense 3D reconstruction
that consists of: (a) a multi-view matching network that outputs dense �ow from a
query view to a set of memory views; (b) a monocular network that extracts adjustable
pointmaps; and (c) a generalized bundle adjustment (BA) that e�ciently ties these
tracks and pointmaps together to form an accurate dense 3D reconstruction.

supports both o�ine reconstruction of large, unordered image collections and
online visual SLAM within the same optimization pipeline with shared hyperpa-
rameters. Extensive experiments demonstrate that BLASt3R achieves a favor-
able robustness�accuracy�speed trade-o� compared to traditional, feed-forward,
and recent hybrid baselines across diverse SfM and VSLAM benchmarks, often
setting a new State of the Art. Notably, despite operating without known camera
intrinsics, our system exceeds the performance of calibrated VSLAM pipelines.

In summary, our key contributions are:
ˆ A new hybrid framework, termed BLASt3R, for fast, scalable, and accurate

3D reconstruction that supports both o�ine SfM and online VSLAM;
ˆ At its core is a scalable multi-view matcher that uni�es memory-based

streamable FF3D [16] and pairwise dense matching [53].
ˆ Strong depth priors for initialization and regularization of a uni�ed dense

BA optimization.

2 Related work

Incremental SfM and VSLAM. The basis of all traditional SfM methods
is to detect and match keypoints between pairs of input images, either in a
handcrafted manner [6,62,75] or data-driven [18,22,30,31,41,53,73,76,88,106].
These correspondences are then used to craft a multi-view 2D reprojection error
minimized in the Bundle Adjustment (BA). Formulated as a non-linear least
squares problem [2], its purpose is to optimize 3D points and camera parame-
ters jointly. It is known to be brittle due to its propensity to get stuck in local
minima when initialized too far from the optimal solution [3,78,86], and highly
unstable when correspondences span only two images [69]. For these reasons,
signi�cant e�ort has been made to a) build tracks, i.e. �lter and connect the
pairwise correspondences to span as many images as possible, either in a hand-
crafted [1, 3, 78, 86, 114] or data-driven [46, 47, 103] manner and b) to design
incremental schemes to increase convergence speed and avoid getting stuck in
local minima [38,57,78,85,91]. All in all, these improvements increase stability
and robustness, but add signi�cant complexity and constraints to the pipeline.
It should be noted that speed can be improved by porting all CPU optimization
code to GPU [2,42,120], or by leveraging stronger sequential assumptions in the
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`online' scenario with a video stream input [17,67,127]. We propose a new for-
mulation of BA that operates both in the online and o�ine settings. It includes
a depth regularization for better convergence and accuracy, with an optimized
GPU implementation.

Learning-based SfM and VSLAM. Several lines of work explored the idea of
learning parts of the incremental SfM pipeline like RANSAC [9�11,111], BA [51,
55, 57, 59, 92, 93, 112], or monocular calibration [100]. Some works notably try
to backpropagate gradients through the entire pipeline for learning end-to-end
SfM [85, 103]. Another angle is to cast the problem as regression of pointmaps,
i.e. a mapping between all 2D pixels and the 3D points they observe. Initially
introduced as scene coordinates in the Visual Localization literature for train-
ing scene-speci�c coordinate regressors [8,82], they have seen a growing use for
scene extrapolation leading to incremental SfM systems [12,13]. A recent trend
sparked by DUSt3R [108] consists in leveraging a ViT architecture to directly
regress pairs of pointmaps. Although very recent, a large family of feed-forward
approaches already extended this idea to arbitrary number of views. Some stay
limited to the o�ine scenario [19,32,63,90,102,110,116,126] but others already
handle sequential and non-sequential inputs indi�erently [16,52,61,101,105,129]
by leveraging various memory mechanisms.

Subtle nuances exist in this feed-forward family where more traditional op-
timization is leveraged when scalability and increased accuracy are needed. In
DUSt3R [108] a new kind of Global Alignment between 3D pointmaps was pro-
posed for the o�ine scenario with more than two views. It was later improved
with a hybrid BA in [28, 53] that showed the superiority of matching over 3D
points regression. VGGT [102] often inputs their tracks into COLMAP [78], ini-
tialized with the predicted 3D points, to get their most accurate results. These
matching methods are the best performing approaches, but are prohibitively
slow and costly for online applications. The latter case also saw several dedicated
works signi�cantly advancing state-of-the-art with hybrid approaches, combining
FF3D and more traditional optimization [21, 39, 64, 68, 122]. Our approach can
be seen as an extension of the latent memory mechanism of the feed-forward 3D
MUSt3R method [16] to the computationally heavy pixel matching paradigm of
MASt3R [53]. Our coarse-to-�ne architecture allows for a tractable training and
e�cient inference, combined with a regularized BA for maximal accuracy. It op-
erates online or o�ine irrespectively, in contrast to all aforementioned matching-
based approaches, that are fully dedicated to one speci�c scenario.

Regularizing SfM with depth. It is possible to leverage depth information for
more robustness in the matching [117] or during relative pose estimation [25,121].
Monocular depth priors have already been used in hybrid BA error terms as regu-
larization for weakly overlapping views [69] or small parallax cases [51,60]. Depth
priors can be of great use in the form of piecewise local linear constraints [28,65],
spatially varying bilinear splines [51], multilateral local deformations [43], com-
pact latent codes [7], learnable covariance functions [23,24] or linear combination
of depthmap basis [35,89]. We borrow the philosophy of depthmap basis in this
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Fig. 3: Exhaustive Coarse Matching (patch level) is performed with a trans-
former that updates the query tokens according to the current memory, followed by a
dot product for exhaustive patch comparisons. The obtained scores are thresholded to
get P, the estimated patch matches leveraged in the �ne stage for pixelwise matching.

work, where we want to regularize BA with monocular depth information both
in the parametrization and in the error term.

3 The BLASt3R Method

Problem statement. Given a set of N unposed images fI n gN
n=1 , we aim to

recover a dense 3D reconstruction parameterized as a set of corresponding intrin-
sic fK n g and extrinsic fP n g camera parameters and dense depth maps fDn g.
For the sake of simplicity, and without loss of generalization, we assume all im-
ages have the same width W and height H, hence we have In 2RH�W �3 and
D n 2RH�W . The input images could originate either from the same camera,
e.g. a video, or from di�erent cameras, e.g. a crowd-sourced image collection.
Intrinsics K n =K(f n ) 2 R 3�3 are parameterized by a single focal fn , i.e. we
assume a simple pinhole camera model with square pixels and an optical cen-
ter at (W=2; H=2). Extrinsic parameters Pn 2SE(3) denote the world-to-camera
transformation and are the composition of a rotation and a translation.
Overview. Our approach, depicted in Fig. 2, is an integrated SfM pipeline
comprising three key elements: (1) a multi-view matching network that outputs
dense long-term point tracks in a streaming fashion; (2) a monocular network
that predicts adjustable pointmaps for each input image that will serve as ini-
tialization and regularization to (3) a uni�ed bundle adjustment that leverages
the previous tracks and monocular priors to jointly optimize cameras, adjustable
depthmaps and multi-view tracks minimizing a hybrid reprojection objective.

3.1 Multi-view Matching Network

Our main contribution is a novel network to achieve dense, fast and scalable
multi-view pixel matching in unconstrained settings. We draw inspiration from
the MUSt3R architecture [16], which can be seen as a causal version of DUSt3R
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for long image sequences. However, our goal here is not to regress 3D points but
rather to establish pixel correspondences between multiple images. In the manner
of MASt3R [53], we formulate pixel matching as cosine similarity between pixel
descriptors. Because comparing all pixels is prohibitively costly in a multi-view
setting for both training and inference, we introduce a coarse-to-�ne scheme.
Overall, the proposed matching architecture comprises (i) a memory mechanism
to operate in a streaming fashion, (ii) a coarse matcher that performs dense
matching at the patch level (Fig. 3) and (iii) a �ne matcher (Fig. 4) that predict
local pixel matches between selected pairs of matching patches for tractability.

Memory Mechanism. Our matching network is composed of an encoder Enc(:)
and two decoders Decc(:) and Decf (:) for coarse (exhaustive) and dense (sparse)
matching respectively. We aim at sequential processing, meaning we retain the
tokens of all images that have already been processed fI1; : : : ; I n�1 g in a memory
bank M n�1 = fM 1; : : : ; M n�1 g, with M 2 R T �d , T being the number of tokens
for a given image and d their dimension. Note that since we use ViT networks,
tokens directly correspond to non-overlapping image patches. Given a new image
I n , denoted as query in the following, we encode it as En = Enc(I n ) and then
input E n to the coarse decoder. Internally, Decc(:) is a standard ViT decoder
with cross-attention in each block that lets the query tokens En attend to all
memory tokens Mn�1 (i.e. patches of previous images). This yields memory
tokens for the query In as Mn = Decc(E n ; M n�1 ), which are then appended to
form the updated memory M n = [M n�1 ; M n ] 2 Rn�T �d .

Coarse matching. Individual matching scores between any pair of patches q; p
can be obtained readily by computing the cosine similarity between memory
tokens after projection and normalization. Subscript M n

p denote here a token p
of the memory bank (i.e. a patch) from a previous image, that is p 2 [1; (n�1)T ]
and similarly M n

q with q 2 [(n � 1)T + 1; nT ] the index of a query token from
the current image I n . For the projection we use an MLP as Hp = MLP proj (M n

p )
and the similarity writes as:

simc(q; p) =
H >

p Hq

kHpkkHqk
: (1)

From these similarities, matching patches P are selected by thresholding the
cosine similarity with � c, a learnable parameter (see Losses paragraph below),
yielding P = f(q; p)jsim c(q; p) > � cg.

Dense matching. Given a set of matching patches P between query and mem-
ory tokens, we seek to predict a dense optical �ow between them. Similarly
to the coarse step, a ViT decoder Decf (:) processes the set of query tokens
while letting them attend memory tokens via cross-attention. This time, how-
ever, we inject posterior knowledge from the coarse matching in two ways. First,
we update each query and memory token~E n

p from the coarse decoder output,
i.e. setting ~E n

p = MLP post (E n
p ; M n

p ); 8n; p. Second, we mask cross-attention ac-
cording to P, i.e. we disable attention between pairs of tokens (q; p) that are
known not to interact from the coarse step. The output of the �ne decoder
is Qn = Dec f ( ~E n ; ~E 1:::n�1 ; P) and once again, dense matching is obtained as
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Fig. 4: Sparse Fine Matching (pixel level) is performed only on the patch-level
matches P from the coarse step. We update query tokens with a decoder, cross-
attending matched memory tokens. For each pair of P we convert the token (patch) to
pixel descriptors with an MLP followed by an unshu�e operation. We compare each
pixel decriptor of the query image to all pixel descriptors of the memory by restricting
the processing to P meaning we compute the similarity matrix with a block-sparse
structure. We extract dense tracking with an argmax over patch pairs.

a dot-product between projected and normalized query-memory feature pairs.
Speci�cally, for each (q; p) pair from P, we feed the query output token and the
memory token Rn

� = (Q n
� ; ~E n

� ) to two small MLPs to obtain pixel descriptors
(L q; L p) 2 R � 2 �d 0

:

L q = MLP query
pix

�
Rn

q

�
; L p = MLP mem

pix

�
Rn

p

�
; (2)

with � the patch size (typically 16 pixels) and d 0 the pixel feature dimension.

Then, the optical �ow (i.e. matching pixel) of a pixel i from patch p among
pixels from patch q is obtained from pixel-to-pixel cosine similarities as:

Flow(q; p; i) = arg max
j2f1;:::;� 2 g

simf
q;p(i; j); with sim f

q;p(i; j) =
L >

q;j L p;i

kL q;j kkL p;i k
(3)

where Lq;j denotes the descriptor of pixel j in patch q. To handle the (frequent)
case where a pixel has no match in the other patch, Flow(q; p; i) returns null
when the similarity of the best match is below a learnable threshold �f .

Losses. Following MASt3R [53], we model both coarse and �ne matching as
classi�cation problems, and supervise them with cross-entropy losses. For the
coarse matching, the loss over query patch q is expressed as:

L coarse = �
TX

q=1

X

p2P ?
q

wp log
e�sim c (q;p)

P T
p0=0 e�sim c (q;p 0)

; (4)

where P? is the set of ground-truth matching patches and P?
q = fpj(p; q) 2 P ?g,

� is a hyper-parameter and wp is a weight balancing the contribution of positives
and negatives. Importantly, we include an additional null patch p = 0 to account
for cases where a query patch does not match any previous patches, and we
accordingly de�ne the similarity with the null patch to sim c(q; 0) =̂ � c. By letting
the network learn � c, we create a natural threshold that can be used at test time
to determine if a given query patch has any match.
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