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Abstract

Recent feed-forward reconstruction models like VGGT and p3 achieve impressive reconstruc-
tion quality but cannot process streaming videos due to quadratic memory complexity, lim-
iting their practical deployment. While existing streaming methods address this through
learned memory mechanisms or causal attention, they require extensive retraining and may
not fully leverage the strong geometric priors of state-of-the-art offline models. We pro-
pose LASER, a training-free framework that converts an offline reconstruction model into a
streaming system by aligning predictions across consecutive temporal windows. We observe
that simple similarity transformation (Sim(3)) alignment fails due to layer depth misalign-
ment: monocular scale ambiguity causes relative depth scales of different scene layers to vary
inconsistently between windows. To address this, we introduce layer-wise scale alignment,
which segments depth predictions into discrete layers, computes per-layer scale factors, and
propagates them across both adjacent windows and timestamps. Extensive experiments show
that LASER achieves state-of-the-art performance on camera pose estimation and point map
reconstruction while operating at 14 FPS with 6 GB peak memory on a RTX A6000 GPU,
enabling practical deployment for kilometer-scale streaming videos
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Figure 1. LASER transforms offline reconstruction models into streaming systems via a sliding-window approach without retraining. Our
submap registration and layer-wise scale alignment modules seamlessly align windows into a globally consistent reconstruction.

Abstract

Recent feed-forward reconstruction models like VGGT and
73 achieve impressive reconstruction quality but cannot
process streaming videos due to quadratic memory com-
plexity, limiting their practical deployment. While exist-
ing streaming methods address this through learned mem-
ory mechanisms or causal attention, they require exten-
sive retraining and may not fully leverage the strong ge-
ometric priors of state-of-the-art offline models. We pro-
pose LASER, a training-free framework that converts an
offline reconstruction model into a streaming system by
aligning predictions across consecutive temporal windows.
We observe that simple similarity transformation (Sim(3))
alignment fails due to layer depth misalignment: monocu-
lar scale ambiguity causes relative depth scales of differ-
ent scene layers to vary inconsistently between windows.
To address this, we introduce layer-wise scale alignment,
which segments depth predictions into discrete layers, com-
putes per-layer scale factors, and propagates them across
both adjacent windows and timestamps. Extensive exper-
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iments show that LASER achieves state-of-the-art perfor-
mance on camera pose estimation and point map recon-
struction while operating at 14 FPS with 6 GB peak mem-
ory on a RTX A6000 GPU, enabling practical deploy-
ment for kilometer-scale streaming videos. Project website:
https://neu-vi.github.io/LASER/

1. Introduction

Recovering 3D scene geometry from images has long been
a central pursuit in computer vision, with applications rang-
ing from robotic perception to digital cultural preservation.
For decades, this problem was addressed through geometry-
centric pipelines: Structure-from-Motion (SfM) [18, 48]
and Multi-View Stereo (MVS) [14, 49] systems with hand-
crated designs. While these classical methods achieve im-
pressive accuracy with careful engineering, they remain
sensitive to textureless regions and require known or esti-
mated camera calibration. Recent advent of feed-forward
neural approaches have fundamentally changed this land-
scape. DUSt3R [63] pioneers direct regression of dense
pointmaps from uncalibrated image pairs, eliminating the
need for explicit correspondence solving. Subsequent work
including VGGT [59] and 73 [64] further handle arbi-
trary numbers of views, establishing a new paradigm where
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large-scale transformers trained on diverse data achieve su-
perior reconstruction quality in zero-shot settings.

While these offline models achieve excellent reconstruc-
tion quality, they struggle with streaming scenarios due to
quadratic memory complexity and the need to reprocess all
frames when new observations arrive. Several recent works
have proposed streaming variants that process frames in-
crementally. Some approaches [7, 57, 62] introduce persis-
tent state or memory mechanisms for continuous 3D per-
ception. Another line of works [24, 27, 73] adapt offline
models with causal attention or combine sliding window
with camera token pools. Though effective, these methods
share a common limitation: they require extensive retrain-
ing from scratch or through knowledge distillation to learn
streaming-setting reconstruction, which is computationally
expensive and may not fully leverage the strong geomet-
ric priors of state-of-the-art offline models like VGGT [59]
and 73 [64]. Moreover, recurrent designs like CUT3R [62]
can suffer from drift and catastrophic forgetting over long
sequences [6], while methods relying on growing mem-
ory face scalability constraints. Concurrent work VGGT-
Long [9] also pursues a training-free approach by chunking
sequences and aligning with Sim(3), but as we show in
Sec. 4, simple rigid alignment is insufficient. Given that of-
fline models already encode rich 3D priors, we ask: can we
achieve both training-free conversion for streaming input
and robust geometric alignment?

In this work, we propose LASER, a training-free frame-
work that converts offline models into streaming systems
by revisiting classical geometric principles. LASER em-
ploys a sliding-window strategy, processing overlapping
subsets of frames (windows) sequentially with a frozen of-
fline model as the backbone. Modern feed-forward mod-
els like VGGT [59] and 73 [64] excel at producing accu-
rate 3D reconstructions within individual windows. How-
ever, aligning these windows consistently remains challeng-
ing. We observe that simple Sim(3) alignment fails due
to layer depth misalignment: monocular scale ambiguity
causes relative depth scales across scene layers (e.g., fore-
ground vs. background) to vary between windows, particu-
larly when camera translation is limited. A global Sim(3)
transformation applies uniform scaling to the entire win-
dow and cannot resolve such layer-wise scale variations.
Drawing on classical insights that scenes naturally decom-
pose into depth-ordered layers with distinct geometric prop-
erties [1, 50, 60], we propose layer-wise scale alignment
adapted to the modern deep learning reconstruction setting.
Our approach segments reconstructed point maps into dis-
crete layers using [11], computes per-layer scale factors be-
tween consecutive windows, and propagates these scales
across the sequence to achieve layer-consistent alignment.

Experimental results show that our design effectively ad-
dresses the aforementioned challenges and achieves state-

of-the-art performance. LASER outperforms the learned

streaming methods while processing image streams at 14

FPS with only 6 GB peak memory on one RTX A6000

GPU. Notably, our training-free approach maintains com-

petitive reconstruction quality with offline models (0.013m

vs 0.011m mean accuracy on 7-Scenes [51]) while en-
abling online processing. This shows that when deep learn-
ing models provide strong local geometry, classical layer-
based geometric reasoning can effectively unify their out-
puts into consistent long-range reconstructions without re-
training. Beyond quantitative gains, LASER offers signif-
icant practical advantages: it requires no model retraining,
immediately applies to existing offline reconstruction mod-

els (as demonstrated with both VGGT [59] and 73 [64]

backbones), and scales to kilometer-long sequences that ex-

ceed the memory capacity of offline methods. As new,

more powerful offline models emerge, LASER can immedi-

ately leverage their improvements without additional train-

ing costs, bridging the gap between the quality and effi-

ciency of offline models and the streaming requirements.
Our main contributions are summarized as follows:

* We propose LASER, a training-free framework for con-
verting offline reconstruction models into streaming sys-
tems without retraining, (e.g., VGGT [59], w3 [64]).

* We identify the layer depth misalignment problem arising
from monocular scale ambiguity and propose layer-wise
scale alignment to address it.

* LASER achieves state-of-the-art performance in stream-
ing pose estimation and 3D reconstruction ( —68.6%
ATE on Sintel [2] pose estimation, —63.9% Acc on 7-
Scenes [51] reconstruction compared to the previous best)
while operating at 14 FPS on an A6000 GPU with only 6
GB peak runtime memory.

2. Related Work

Learning-based 3D Reconstruction. Learning-based
methods recast 3D reconstruction as a data-driven estima-
tion problem rather than a purely geometric one. Early
CNN-based pipelines [19, 20, 70] replace handcrafted cor-
respondence matching with learned feature aggregation and
differentiable depth regression, paving the way toward end-
to-end multi-view geometry learning. Subsequent meth-
ods [40, 53] extend these ideas to online or large-scale re-
construction via recurrent fusion and volumetric integra-
tion. Implicit-field formulations [37, 61, 71] achieve pho-
torealistic surface and appearance modeling from sparse or
monocular inputs, while explicit representations [4, 23] fur-
ther improve rendering efficiency and scalability. However,
these models typically require per-scene optimization and
are bounded by scene complexities [30]. A parallel line of
research seeks to eliminate the optimization through feed-
forward geometric reasoning. DUSt3R [63] pioneers a
paradigm where 3D point clouds and relative poses are di-
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Figure 2. Overview of LASER. LASER converts an offline reconstruction model to a streaming version without retraining. Given a
video stream, we process frames in overlapping temporal windows with a frozen feed-forward reconstructor. We incrementally register the
submap to the global map with Sim(3) estimation and the proposed layer-wise scale alignment.

rectly regressed from image pairs, and VGGT [59] gener-
alizes this idea to variable-sized image sets with the help
of learnable camera tokens. The recent 7> model [64] fur-
ther introduces permutation-equivariant attention to unify
structure and motion within a single scalable framework.
Our proposed LASER builds on this feed-forward founda-
tion, introducing a lightweight streaming formulation that
adapts offline reconstruction models for continuous, effi-
cient, kilometer-scale processing without retraining.

Learning-based 4D Reconstruction. Learning-based 4D
reconstruction approaches extend geometric and appear-
ance modeling to temporal domain. Early progress built on
implicit neural representations [25, 43, 44, 46] introduces
temporal conditioning or deformation fields. To improve
efficiency, subsequent approaches [3, 10, 13, 29, 32, 34,
65, 69] apply similar extensions to explicit representations.
Both implicit and explicit 4D representations require per-
scene optimization , limiting usage in streaming settings.
Another series of works [5, 17, 33, 72] extend feed-forward
regression to dynamic settings. [12, 21, 26, 28] leverage
dense video correspondence supervision to generalize to di-
verse dynamic scenes. 73 [64] unifies 3D and 4D reason-
ing through permutation-equivariant attention during large-
scale training. Our method shares the goal of scalable 4D
reconstruction but focuses on the streaming regime: adapt-
ing offline feed-forward geometry transformers for causal
video processing. With a sliding-window formulation and
geometry-aware alignment, LASER achieves temporally
consistent reconstruction efficiently without retraining.

Streaming Feed-Forward Reconstruction. Real-world
applications such as autonomous driving, robotics, and
AR/VR require models that process video streams effi-
ciently and consistently. Recent works have tried to fine-
tune offline feed-forward reconstructor to the streaming

regime: memory-centric approaches introduce persistent or
explicit spatial memory to extend temporal horizons [58, 62,
66]; causal-transformer designs process frames sequentially
with token pooling or causal attention [24, 27, 73]; test-
time adaptation has also been explored for long videos [6];
parallel efforts bridge feed-forward prediction with SLAM-
style optimization [35, 39]. Aside from requiring retrain-
ing, these methods either accumulate scale drift over time,
fail on long sequences due to memory limits or incur slow
inference. On the other hand, [68] pushes feed-forward re-
construction to the kilo-frame regime, but does not support
streaming input. LASER addresses these limitations with
a general, training-free framework that turns offline feed-
forward models (e.g., VGGT or 7%) into a streaming system
capable of handling kilo-frame dynamic sequences while
preserving their reconstruction quality and efficiency.

3. Method

3.1. Overview

Our goal is to convert an offline 4D reconstruction model to
a streaming version without retraining. Fig. 2 illustrates our
pipeline. Given a video stream, we process frames in over-
lapping temporal windows. Each window is passed through
a frozen feed-forward reconstructor to predict dense point
maps (local submaps) and camera poses. We incrementally
register the submap of the current window to the global map
to complete the streaming 4D reconstruction.

4D reconstruction in temporal windows. Let {I;}7_, be
a monocular RGB video with T frames where each frame
has a spatial dimension of H x W. We form overlapping
windows {WZ}ZT:/{; , where each window contains L con-
secutive frames. Let a; denote the start index of the frame
of the i-th window; then W, = {t|a; < t < a; + L},
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Figure 3. Layer Depth Misalignment Issue. After the global Sim(3) alignment, surfaces at different depths may exhibit layer-wise
scale inconsistency: foreground regions appear over- or under-scaled relative to background structures across consecutive windows. This
anisotropic scaling leads to visible distortions and metric drift in the fused reconstruction. We introduce Layer-wise Scale Alignment
(LSA), a geometry-driven refinement that corrects distortions based on a layer graph.

where a; = 1. Two adjacent windows share an overlap of
O frames, i.e., a;41 = a; + L — O.

For each window W;, a pretrained feed-forward recon-
structor f(-) (e.g., VGGT [59], 73 [64]) predicts per-frame
point maps and camera poses:

FUI W) = {PO, TV, ) | ai <t < ai+L}, (1)

where Pgi) € RHXWx3 i a dense 3D point map in the
window’s local coordinates and T\” = (R{"[t{") are the
camera poses, consisting of a rotation matrix REI) €50(3)

and a translation vector tﬁ” € R3, defined in the window’s
coordinate system. The reconstructor also outputs pixel-
wise confidence scores C(l), which are used to form a set
of mutually confident correspondences for scale estimation.
Based on Pgi) and Tgi), we construct the local submap S;
for window W; by transforming all per-frame point maps
into the window’s coordinate system.

Incremental global map reconstruction in the Sim(3)
space. 4D reconstruction in each window W; yields a lo-
cal submap S; = {Tgi)PEi)}tGWi in the window’s own co-
ordinate system. We then estimate a similarity transform
(s, R¥,t") € Sim(3) between S; to G;_1, which are
defined in the world coordinate system (in our case, the
first temporal window’s coordinate system, based on the
estimated point maps of the overlapping region. The in-
duced camera pose in the world space for a frame I;cy,
is TY = (RYRY)| s*R¥t!") + t¥) The global map G;
is then updated progressively as §; = G;_; U {T;”PEZ)},
where Gy = () in the initialization.

To estimate the Sim(3) transform, we first estimate
the global scale factor s}’ via a robust IRLS (Iteratively
Reweighted Least Squares) optimization [41], enforcing a
shared metric across two adjacent windows. Rotation and
translation (R, t%) are then optimized via the Kabsch al-
gorithm [22] under that metric using the scaled camera an-
chors based on the estimated si°. We refer readers to the
supplementary material for more details.

3.2. Layer-wise Scale Alignment (LSA)

Although the global Sim(3) registration aligns each win-
dow to a common scale, it assumes isotropic scaling, where
the same scale factor applies equally along all spatial axes.
In practice, this assumption breaks, e.g., under low-parallax
motion, where a monocular reconstructor cannot reliably
constrain depth (the Z-axis) relative to lateral axes. As
a result, even after the global alignment, surfaces at dif-
ferent depths may exhibit layer-wise scale inconsistency:
foreground regions appear over- or under-scaled relative to
background structures across windows, as shown in Fig. 3.
This anisotropic scaling along depth accumulates over time,
leading to visible distortions and metric drift in the fused
reconstruction. Following classical insights that scenes de-
compose into depth-ordered layers [1, 50], we introduce
Layer-wise Scale Alignment (LSA), a geometry-driven re-
finement that corrects distortions based on a layer graph.

Depth layer extraction. Inspired by classical layered
representations, where a scene is decomposed into depth-
ordered surfaces [1, 50], we extract depth layers by seg-
menting each depth map into spatially coherent regions at
similar depths. Specifically, let Pgi) = T;ﬂPgi) e RHEXW>x3
denote the 3D point map after the Sim(3) registration for
frame I, in the temporal window W,;. We derive a pseudo-
depth map, denoted as D{”, from P” by taking its Z-
coordinate components. This pseudo-depth map is parti-
tioned into Mt(i) disjoint depth layers {ﬁ,(f,)n f‘fﬁ using an
efficient segmentation algorithm [11]. Each layer ngzn cor-

responds to a continuous geometric surface patch with a co-
herent depth. Examples are shown in Fig. 3.

Depth layer graph construction. Let O; =W, 1 N W,
be the set of overlapping timestamps. To enforce con-
sistent scaling between overlapping windows and across
time, we organize all depth layers into a directed graph
H = (V,€&), where the vertices correspond to the depth

layers {ﬁif;”}teoi and {ﬁl(sle}tewi- The edges & contains
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Figure 4. Layer-wise Scale Alignment (LSA). We use a toy ex-
ample to illustrate our proposed LSA.

both inter-window and intra-window edges:

Einter =1L D, LY | ToU(L D, £00) >t € 04},

tm tm >

Eintra={ (L) 0 LE0) [ ToU(L |, L) > 7t e Wi},

with 7 = 0.3. &Einter link layers at overlapping timestamps
between windows W, _; and W;, where the same geometric
surface patch may appear under different scales due to in-
dependent per-window reconstruction. Generally, the depth
maps Df‘l) and Dﬁi) for the same image I; in two win-
dows are very close and the depth layers are almost identi-
cal. Therefore, a single depth layer in W;_; will exactly be
matched to another layer in W;. &jnira connects the same
depth layer across adjacent frames within window W;, en-
coding geometric continuity over time. An illustration is
shown in Fig. 4. Note that the edges are directed, pointing
from a parent node to a child node across either the tem-
poral windows or the timestamps. With this graph, we first
estimate layer-wise scales based on &iyte, for the layers in
the overlapping region. The corrected scales will then be
propagated and aggregated across both Eipter and Eipra-

Layer-wise scale estimation via IRLS across inter-
window edges. We estimate the layer-wise scales from
point-wise correspondences in the intersection of two con-
secutive windows. Specifically, we construct a set of corre-
spondences Ct(l,)L = {(dp,d,)}. where d, = D"V (2) and
dy = D" (z)', by using all depth values from pixel coor-
dinate x within the intersection of two layers Lg;ll) N Egz,)l

We then find the optimal scale for the layer E&)l by solving

the following objective using IRLS.

St =argmin 7
(dp.dg)EC),

p(llsdy—dgl), (@

where p(-) is the Huber loss.
Scale propagation and aggregation along all the edges.
After optimizing the layer-wise scales across inter-window

'We omit the symbol z in dj, and dg to avoid notation clutter.

Algorithm 1 Layer-wise Scale Alignment

Require: Layer graph H = (V,&) with vertices V =
{L051} U (L0} and edges € = Ennter U Eintras tem-
poral window W,;_; and W; = {t}f;gf

Ensure: Final scales {sgzzl} for layers {Eizzl .

1: Initialize A{") « 0 and weight W) « 0 for all £{').

# inter-window scale optimization and propagation

for every (E(i_l) £§Z,)1) € Einter do

t,m

compute §§12L according to Eq.(2)
w < ToU(LY D, £8))
A AP w5,
W w4+ w
end for
# temporal propagation along intra-window edges
8: fort =a; +1toa; +Ldo
9; for every (E(Z) E%) € Eintra dO

N RN

t—1,m>
10: if W, > 0 then
11: ,uEQLm — AEQl’m/Wt(i)Lm # parent mean
12: w IoU(LEi_)lym, ESZL)
R T
14: Wt(,Q — Wt(fg +w
15: end if
16: end for
17: end for

# weighted average as the final scale for each layer
18: for every layer Eiz,)l do
19 st AP W sE W > 0 else 1
20: end for

edges Einter, for each layer E,@l, the scales from its parent
nodes along both &te;r and Eipngra are propagated to it. The
layer EE?L may thus receive multiple scales, which will be
aggregated in a weighted average manner. The weight for
each edge is defined as the ToU score of two connected lay-
ers. This procedure is summarized in Algorithm 1. Please
refer to the supplementary material for more elaboration.

Such layer-wise scale propagation and aggregation en-
sure the consistency across both adjacent windows and the
temporal axis. Once the layer-scale optimization is finished,
each layer’s scale will be propagated to its contained pixels,
which will be used to adjust the reconstructed point map
PEI). As shown in Fig. 3, it can effectively mitigate the dis-
tortions in the 4D reconstruction.

4. Experiments

We evaluate our proposed method, LASER, against state-
of-the-art approaches across three tasks: video depth esti-



Table 1. Video Depth Estimation on Sintel [2], Bonn [42] and
KITTI [16]. We report Abs Rel and 6<1.25.

Sintel | Bonn | KITTI
Method Stream Abs Rel | §<1.25 1| Abs Rel | §<1.25 |Abs Rel | §<1.25 1
VGGT [59] X 0.303 68.5 0.055 97.1 0.073 96.3
7 [64] X 0.245 68.4 0.050 97.5 0.038 98.6
Spann3R [58] v 0.622 426 0.144 81.3 0.198 73.7
CUT3R [62] v 0.421 47.9 0.078 93.7 0.118 88.1
Point3R [66] v 0.452 48.9 0.060 96.0 0.136 84.2
VGGT-SLAM [35] v 0.424 56.0 0.076 93.2 0.136 81.8
StreamVGGT [73] v 0.323 65.7 0.059 97.2 0.173 72.1
STream3R/3 [24] v 0.264 70.5 0.069 95.2 0.080  94.7
WinT3R [27] v 0.374 50.6 0.070 91.2 0.081 94.9
TTT3R [6] v/ 0.404 50.0 0.068 95.4 0.113 90.4
VGGT+Ours v 0.297 64.6 0.07 92.6 0.116 88.4
73+Ours v/ 0247  68.8 0.048 97.4 0.054 98.3

mation (Sec. 4.2), camera pose estimation (Sec. 4.3), and
multi-view point map estimation (Sec. 4.4) with details of
the experimental setup in Sec. 4.1. Additional qualitative
results are shown in Sec. 4.5. We further analyze model ef-
ficiency (Sec. 4.6) and perform ablation studies to assess the
contribution of each component (Sec. 4.7).

4.1. Experimental Setup

4.1.1. Tasks, datasets, and metrics

Video depth estimation protocol. Following [62, 72], we
evaluate on Sintel [2], Bonn [42], and KITTI [16]. Predicted
depths are aligned to ground truth via scale-only alignment.

Camera pose estimation protocol. Following [62, 72], we
compare on small-scale Sintel [2], ScanNet [8], and TUM
RGB-D [52]. Predicted trajectories are aligned to ground
truth via a Sim(3) transformation. For large-scale evalua-
tion, we use KITTI Odometry [16] following [9].

Multi-view point map estimation protocol. We run eval-
uation on 7-Scenes [51] and NRGBD [67] with a keyframe
sampling interval of 10, except for using an interval of 15
on NRGBD for [24, 73] due to their memory limits. Pre-
dicted point maps are registered to ground truth using the
Umeyama algorithm (coarse Sim(3) alignment) followed by
Iterative Closest Point (ICP) refinement.

4.1.2. Baselines

Offline feed-forward models. We include DUSt3R [63],
Fast3R [68], VGGT [59], and 73 [64], which pro-
cess static image batches without temporal constraints.
Streaming or online feed-forward methods. We in-

clude Spann3R [58], CUT3R [62], MASt3R-SLAM [39],
Point3R [66], VGGT-SLAM [35], StreamVGGT [73],
STream3R 3 [24], WinT3R [27], and TTT3R [6], which en-
able causal inference or maintain persistent memory.

Classical SLAM systems. For camera pose evaluation on
KITTI Odometry, we compare to SLAM methods includ-
ing ORB-SLAM?2 [38], LDSO [15], DROID-VO, DROID-
SLAM [55], DPV-SLAM, and DPV-SLAM++ [31].

Training-free concurrent work. To further demonstrate

the strength of our training-free design and ensure that per-
formance is not dominated by a strong backbone, we also
evaluate against VGGT-Long [9], a concurrent training-free
streaming framework built on VGGT [59]. For a fair com-
parison, we re-implement its pipeline on the 73 [64] back-
bone, denoted as 73-Long, enabling a one-to-one compari-
son under identical base models.

4.1.3. Implementation Details

We instantiate LASER using either VGGT [59] or 73 [64]
as the offline 4D reconstruction backbone. On the
kilometer-scale KITTI Odometry, we incorporate loop clo-
sure following the VGGT-Long [9] configuration for fair
comparison. More details are in the supplemental material.

4.2. Video Depth Estimation

Tab. 1 shows the video depth estimation results. Com-
pared to prior streaming baselines such as CUT3R [62],
StreamVGGT [73], and STream3R 3 [24], LASER achieves
the lowest Abs Rel across all three datasets when compared
to the best-performing baseline on each, as well as the high-
est §<1.25 accuracy on Bonn and KITTI , while ranking
second on Sintel. Across all datasets, LASER maintains
the performance of its offline backbones VGGT [59] and
73 [64] while operating in the streaming setting. These re-
sults demonstrate that LASER delivers high-fidelity depth
estimation across diverse domains while operating fully in
a streaming manner. Note that many baseline methods,
such as StreamVGGT, Stream3R 3, and VGGT-SLAM, also
build upon offline approaches, yet their performance de-
grades significantly compared to the offline counterparts.

4.3. Camera Pose Estimation

Tab. 2 reports results on small-scale datasets. On all three
datasets, LASER (%) achieves the best results in almost all
metrics and even surpasses its offline backbones in several
cases. This demonstrates the effectiveness of our frame-
work in pose estimation. LASER (VGGT) consistently
ranks second across all metrics, further validating the gen-
erality and robustness of our framework across backbones.

On large-scale outdoor sequences (Tab. 3), LASER us-
ing 3 as backbone achieves the second-lowest mean ATE
among all methods on both Avg. and Avg.* metrics. It at-
tains accuracy comparable to or better than well-designed
SLAM systems such as ORB-SLAM?2 [38] and DROID-
SLAM [55], which yield only sparse reconstructions and
may require camera calibration. Meanwhile, dense offline
models like VGGT [59] and 73 [64] fail to process long se-
quences due to memory limits, and streaming variants such
as CUT3R [62] and MASt3R-SLAM [39] either run out
of memory or lose tracking. In contrast, LASER remains
stable across all eleven sequences, producing globally con-
sistent trajectories. LASER also outperforms training-free
streaming concurrent work VGGT-Long [9] and its variant



Table 2. Camera Pose Estimation on Sintel [2], ScanNet [8], and TUM [52]. We report ATE, translational RPE, and rotational RPE.

Sintel

ScanNet TUM

Method Stream ATE] RPEgums) RPE.q |

ATE| RPEgqn) RPEyl ATE] RPEgm | RPEql

DUSt3R [63] 0.290 0.132 7.869
VGGT [59] 0.171 0.062 0.471
7 [64] 0.073 0.037 0.287

0.246 0.108 8.210 0.140 0.106 3.286
0.035 0.015 0.381 0.012 0.010 0.309
0.030 0.012 0.346 0.014 0.009 0.307

Spann3R [58]
CUT3R [62]
Point3R [66]
VGGT-SLAM [35]

0.329 0.110 4.471
0.213 0.066 0.621
0.351 0.128 1.822
0.303 0.128 6.883

AN NA N N N N N

StreamVGGT [73] 0251  0.149 1.894
STream3R S [24] 0213 0.076 0.868
WinT3R [27] 0225  0.097 1.092
TTT3R [6] 0201  0.063 0.617
VGGT+Ours 0.131  0.053 0.398
m3+0urs 0.061  0.028 0.249

0.096 0.023 0.661 0.056 0.021 0.591
0.099 0.022 0.600 0.046 0.015 0.473
0.106 0.035 1.946 0.075 0.029 0.642

0.070 0.049 2.447 0.030 0.020 1.567
0.161 0.057 3.647 0.061 0.033 3.209
0.052 0.021 0.850 0.026 0.013 0.330
0.062 0.020 0.690 0.074 0.023 0.774
0.064 0.021 0.592 0.028 0.012 0.379

0.035 0.014 0.354 0.013 0.010 0.306
0.031 0.012 0.339 0.016 0.009 0.308

Table 3. Large-scale Camera Pose Estimation on KITTI [16].

We report ATE (lower is better). CF: checkmark (v') indicates no

calibration required; DR: checkmark (v') indicates dense reconstruction supported. We show metrics for sequence ID; Avg. is the mean
across sequences. Seq. 01 corresponds to a high-speed driving sequence whose motion differs from others; Avg.™ reports the mean ATE

excluding Seq. 01. OOM: CUDA out-of-memory, TL: tracking lost.

Method | CF DR | Avg. Avg” | 00 01 02 03 04 05 06 07 08 09 10
ORB-SLAM2 (w/oLC) [38] | X X | 69.73 2648 | 40.65 50220 47.82 094 130 2995 4082 1604 43.09 3877 5.42
ORB-SLAM2 (w/LC)[38] | X X | 5482 946 | 603 50834 1476 1.02 157 404 11.16 219 3885 839  6.63
LDSO [15] X X | 2243 2350 | 932 1168 3198 285 122 510 1355 296 129.02 21.64 17.36
DROID-VO [55] X /| 5419 51.19 | 9843 8420 108.80 258 093 5927 6440 2420 6455 7180 1691
DPVO [56] X X | 5361 5770 | 11321 12.69 12340 209  0.68 5896 5478 1926 11590 75.10 13.63
DROID-SLAM [55] X/ | 10028 7585 | 92.10 344.60 107.61 238 100 11850 6247 2178 161.60 72.32 118.70
DPV-SLAM [31] X X | 5303 5719 | 11280 11.50 12353 250 081 57.80 5486 1877 11049 76.66 13.65
DPV-SLAM++ [31] X X | 2575 2714 | 830 11.86 39.64 250 078 574 11.60 152 11090 7670 13.70
VGGT [59] o/ / / OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM
3 [64] V4 / / OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM
MASt3R-SLAM [39] V4 / / TL TL TL TL TL TL TL TL TL TL TL
CUT3R [62] o/ / / OOM OOM OOM 14807 2231 OOM OOM OOM OOM OOM OOM
Fast3R [68] o/ / / OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM
VGGT-Long [9] /o v/ | 2764 1828 | 867 12117 3208 612 423 831 534 463 5310 4199 1837
73-Long /o v/ | 3072 1645 | 628 17345 6392 496 166 611 489 399 3608 14.78 21.84
Ours (1) /o /| 2417 1442 | 614 12161 59.87 264 136 273 292 228 3314 1795 1520

Table 5. Ablation Studies for Layer-wise Scale Align-
ment (Sec. 3.2). wo/ LSA denotes not using LSA component. w/
SAM 2 denotes replacing the efficient segmentation algorithm [11]
with a recent counterpart SAM 2. wo/ Eintra denotes removing
the temporal propagation step from LSA.

Sintel ‘ Bonn
AbsRel | 0<1.251 | AbsRel | 6<1.251
Ours 0.247 68.8 0.048 97.4
wo/ LSA 0.328 51.4 0.123 85.6
w/ SAM 2 [47] 0.251 67.8 0.051 97.4
w0/ Eintra 0.261 64.7 0.05 97.1

Table 6. Ablation on LSA (Sec. 3.2)’s IoU threshold .

Sintel ‘ Bonn
T AbsRel | 0<1.2571 ‘ AbsRel | 0<1.251
0.2 0.249 68.7 0.051 94.7
0.3 (default) 0.247 68.8 0.048 97.4
0.4 0.247 68.4 0.048 97.4
0.5 0.249 68.0 0.048 97.4
0.6 0.248 68.0 0.044 97.1

73-Long by a 12-21% reduction in avg ATE. Notably, al-
though 73-Long shares the same backbone with ours, it per-
forms worse, indicating that the improvement is from our
streaming algorithm design rather than backbone capacity.

4.4. Multi-View Point Map Estimation

Tab. 4 reports short-term multi-view point map estimation
results. LASER consistently improves Acc and Comp over
prior streaming baselines. While NC of 73+Qurs is slightly
lower than that of StreamVGGT or STream3R g, this differ-
ence arises from the 72 backbone’s limited surface-normal
fidelity. Nevertheless, our formulation, despite training-
free, also improves NC over the 7. A similar pattern is ob-
served between VGGT+Ours and VGGT. These results in-
dicate that our online integration produces smoother, more
coherent surface orientations than the backbone.

4.5. Qualitative Results

We present qualitative comparisons in Fig. 6. Across all
methods, our approach produces noticeably sharper scene
geometry and more accurate camera trajectories. The ex-
amples cover conditions of fast-motion videos and large-
scale outdoor environments, highlighting robustness under
diverse viewpoints and motions. These results demonstrate
that LASER generalizes well across datasets, delivering
dense and stable reconstructions without any retraining or
per-scene optimization.



Table 4. Indoor, Short-term Multi-view Point Map Estimation on 7 scenes and Point3R S, W infinite
. . N —
NRGBD. We report Accuracy (Acc, lower is better), Completeness (Comp, lower is 0.35 (] Spa“\r}égT_SL v X 202
better), and Normal Consistency (NC, higher is better)’s Mean and Median. 0.30 ™ >
o~ StreamVGGT 15 g
2025 - @ WinT3R 8
7 scenes NRGBD § Sgeam3R 3R CUT3R -
=0.20 10>
A C NC A C NC w =]
ccl omp. T ccl ompl T '<_z o1s Ours (VGGT) g
Method Stream Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. : 5 %’
VGGT X 0.017 0.005 0.024 0.01 0.586 0.633 0.013 0.006 0.011 0.003 0.705 0.837 0.10 Ours (7r3) 0 5
Pi3 X 0.011 0.004 0.019 0.008 0.598 0.652 0.012 0.005 0.01 0.003 0.704 0.826 0.05 =
CUT3R v 0.036 0.019 0.029 0.008 0.624 0.695 0.135 0.069 0.055 0.012 0.684 0.825 0 > FPSlO =
StreamVGGT v 0.043 0.022 0.028 0.008 0.639 0.719 0.082 0.051 0.046 0.013 0.742 0.918 . .
STream3R3 v 0.042 0.012 0.023 0.008 0.631 0.705 0.042 0.014 0.014 0.005 0.798 0.95 Figure 5. We report the running FPS (on a RTX
VGGT+Ours v 0.021 0.007 0.021 0.007 0.590 0.639 0.020 0.011 0.012 0.004 0.71 0.857 A6000 GPU), peak memory usage, and pose
w3 +0urs v 0.013 0.005 0.017 0.006 0.607 0.665 0.020 0.010 0.012 0.004 0.713 0.856

estimation error (ATE).

Ours (VGGT) CUT3R [62]

StreamVGGT [73]

VGGT-SLAM [35]

Figure 6. Qualitative comparisons on DAVIS [45] and Hike [36] (top to bottom). For each sequence, we show the reconstructed global
point cloud with the estimated camera trajectory overlaid. Please zoom in for camera trajectory details.

4.6. Efficiency Analysis

LASER also demonstrates strong efficiency, as shown in
Fig. 5. All experiments are performed on a RTX A6000
GPU. Compared to streaming feed-forward baselines, our
method achieves the highest runtime speed (~14.2 FPS)
with only 6 GB of peak memory usage when using 72 [64]
as our offline model, while maintaining superior perfor-
mance in video depth and camera pose estimation. When
using VGGT [59], we also have a competitive inference
speed of ~10.9 FPS and 10 GB peak memory usage.

4.7. Ablation Studies

We evaluate key components of our pipeline through a se-
ries of ablations, using 73 [64] as the backbone.

Layer-wise Scale Alignment (Sec. 3.2). Tab. 5 investi-
gates the components of the LSA module on video depth
estimation, as LSA does not affect camera pose estimation.
Disabling LSA leads to clear drops in depth accuracy. We
also try substituting the segmentation algorithm [11] with
SAM 2 [47]. Despite trading speed for better segmentation,
SAM 2 does not improve accuracy. Finally, disabling prop-
agation through &, ignores temporal relationships and
prevents scale updates in non-overlapping frames, which
harms global consistency across long sequences.

Hyperparameters. Fig. 7 and Tab. 6 examine the effect of

0.3

Default Window Size
ATE Sintel
RPE (Rot) Sintel

Metric

0.1]

Z 3 4 5 6 7 8 9 10
Window Size

Figure 7. Ablation on window size L. In default, we use L = 20.

15 20 25 30

key hyperparameters: window size L and IoU threshold 7
used in LSA. Ours performs robustly under a wide range of
settings; the chosen (L=20, 7=0.3) strikes a good balance.

5. Conclusion

We presented LASER, a training-free streaming reconstruc-
tion framework that converts an offline 4D reconstruction
model into a streaming system. By introducing layer-wise
scale alignment, we address the key challenge of inconsis-
tent depth scaling across temporal windows, enabling stable
alignment and long-range geometric consistency. Extensive
experiments demonstrate that LASER achieves state-of-the-
art camera pose estimation accuracy, reconstruction quality,
speed and memory budget. We believe this work provides
a new angle towards bridging offline and streaming recon-
struction. We hope it will inspire future research on inte-
grating classical geometric principles with modern neural
architectures for large-scale, continuous 3D perception.
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7. More Details about Submap Registration in
Sim(3) Space

3D reconstruction in each window W, yields a local
submap S; = {Tgi)Pgi)}tewi in the window’s own co-
ordinate system. We then estimate a similarity transform
(s, R¥,t") € Sim(3) between S; to G;_1, which are
defined in the world coordinate system (in our case, the
first temporal window’s coordinate system, based on the
estimated point maps of the overlapping region. The in-
duced camera pose in the world space for a frame I;cy,
is TY = (RYRY)| s*R¥t(") + t¥) The global map G;
is then updated progressively as G, = G;_1 U {T;”PE')},
where Go = () in the initialization.

To estimate the Sim(3) transform, we first estimate

the global scale factor s;” via a robust IRLS (Itera-
tively Reweighted Least Squares) optimization, enforcing
a shared metric across two adjacent windows. Rotation and
translation (R}’,t}") are then optimized via the Kabsch al-
gorithm [22] under that metric using the scaled camera an-
chors based on the estimated s;”.
Scale estimation via IRLS based on point correspon-
dences. We estimate the per-window scale s}’ from point-
wise correspondences in the intersection of two consecutive
windows. Specially, for overlapping frames that share the
same timestamp ¢t in W;_; and W;, we extract 3D points
for every pixel z in the intersection of the two windows
p(z) = Pgiil)(x),q(x) = P,(f) (x), and their associated
confidences ¢, (z) = C{" ™V (2), ¢g(z) = C{” (x). The set
of mutually confident correspondences is then defined as:’

C=1{(Pa)le>g(C ), ¢e>g(C)}, G

where g denotes the median function. Each pair (p,q) €
C represents the same 3D point in two coordinates of
submaps, with both predictions considered reliable. We es-
timate the optimal scale s’ by solving the Huber-robust ob-
jective:

s’ = argmin Z p(HSp—QHQ); (@)
(p,a)€eC

where p(-) is the Huber loss with parameter ¢.

Rotation and translation based on scaled camera an-
chors. After estimating the global scale s}’ from confident
point correspondences, we scale the submap S; first and

2To avoid notation clutter, we omit the variable  from now on.

then estimate the rigid transformation. We define canonical
camera axes in each camera’s coordinate system as the up
u=(0,1,0) andviewv = (0,0,—1). Let O, =W;_1 NW;
be the set of overlapping timestamps. Using the camera cen-
ter tgz) and normalized axes (v¢,u;), we form two scaled
camera anchor sets {X; }+co, and {y: }+co,, where:

x: = (8¢’ tgl), sy tiz) + vf), sy t,(f) + uiz))7 )

7

v, = (tgifl), tﬁifl) +v£i71)’ tgz;l) +u§i71))' ©)
We then estimate the window-level rigid transform
(R¥,t?) by minimizing the alignment error between the
two anchor sets via the Kabsch algorithm [22]:

RY, t}’ = arg min
RESO(3), teR3

Do lIRx+t =y @
teO;

Differences from existing approaches. Although VGGT-
Long [9] also adopts a sliding-window strategy for stream-
ing inputs, our method differs in how the registration
Sim(3) is estimated from overlapping windows. VGGT-
Long applies IRLS to jointly optimize a closed-form scale
s together with R and t computed via the Kabsch algo-
rithm. In contrast, we first estimate the scale using point-
cloud correspondences within matched camera coordinate
systems, and then estimate R and t using the scaled inputs.
This two-stage procedure yields more stable and robust reg-
istration.

Furthermore, our SE(3) registration is obtained from
minimal camera anchors derived directly from camera
poses. These anchors avoid the artifacts introduced by
point-map predictions and additionally preserve trajectory
consistency, particularly in small-scale scenes.

We conduct ablation studies on these registration strate-
gies in Sec. 9.

8. Implementation Details

We instantiate LASER using either VGGT [59] or 73 [64]
as the offline 3D reconstruction backbone. For video depth
estimation, small-scale camera pose estimation, and indoor
multi-view point map estimation, we evaluate both variants.
For large-scale camera pose estimation on KITTI Odome-
try [16] and outdoor point map estimation on Waymo [54],
we use 7 as the backbone for its stronger geometric prior.
On the kilometer-scale KITTI Odometry, we additionally
incorporate loop closure following the VGGT-Long [9] con-
figuration for fairness.



Table 7. Outdoor, Long-term Point Map Estimation on Waymo [54]. We report Accuracy (Acc, lower is better), Completeness (Comp,
lower is better) and Chamfer Distance (Chamfer, lower is better). We show metrics for each segment ID; Avg. is the mean across segments.

Segment ID Metric ‘ Avg. ‘ 163453191 183829460 315615587 346181117 371159869 405841035 460471311 520018670 610454533
Acc | 0.508 0.453 0.096 0.629 1.441 0.457 0.379 0.510 0.481 0.129
VGGT-Long [9] Comp | 0.456 0.412 0.101 0.552 1.341 0.365 0.344 0.496 0.386 0.102
Chamfer | | 0.482 0.432 0.098 0.591 1.391 0.411 0.361 0.503 0.434 0.115
Acc | 1.043 0912 0.160 1.209 0.837 1.728 0.228 0.545 3.101 0.668
m3-Long Comp | 0.745 0.738 0.145 0.502 0.362 1.085 0.155 0.208 3.149 0.356
Chamfer | | 0.894 0.825 0.153 0.856 0.600 1.406 0.192 0.376 3.125 0.512
Acc | 0.560 0.422 0.176 1.151 0.651 0.896 0.127 0.541 0.247 0.832
Ours (13) Comp | 0.266 0.315 0.158 0.194 0.223 0.459 0.106 0.326 0.232 0.385
Chamfer | | 0.413 0.368 0.167 0.673 0.437 0.677 0.116 0.434 0.240 0.608

Base model inference

0.3%
Sim(3) estimation

LSA (depth layer extration)

0.9% LSA (propagation & aggregation)
1.8% LsA (layer-wise scale estimation)

LSA (graph construction)

Figure 8. Runtime analysis of each module within the pipeline.

We use multi-threading to run model inference for each
window and registration of adjacent window pairs with LSA
refinement concurrently. At the beginning of depth graph
construction, we try to assign each frame to separate avail-
able threading to achieve maximum parallelism.

9. Submap Registration (Sec. 7).

Fig. 9 and Tab. 8 compares alternative strategies for esti-
mating the SE(3) transform between submaps. Replacing
IRLS with a closed-form solver degrades both depth and
pose accuracy, confirming the importance of robust scale
estimation in this stage. Replacing scaled camera anchors
with scaled point maps produces similar depth metrics but
noticeably weaker camera trajectories.

10. Time Analysis for the Registration Module

We also provide a detailed runtime analysis of each module
in our framework, as shown in Fig. 8. Using a window size
of 20 with an overlap of 5, the measured runtimes are as fol-
lows: 73 single inference pass: 1.344s; Sim(3) estimation:

0.007 s; depth-layer extraction: 0.719 s; graph construction:
0.168 s; scale initialization: 0.041 s; and propagation & ag-
gregation: 0.021s.

11. Evaluation Details of Efficiency Bench-
mark

We report FPS and peak memory usage on the Sintel [2]
benchmark for all methods on an A6000 GPU. The image
resolution for DUSt3R-based [63] methods is 512 x 288 ex-
cept Spann3R, which only supports 224 x 224, and VGGT-
based [59] methods are 518 x 294.

12. Outdoor Multi-view Point Map Estimation

Tab. 7 reports long-term multi-view point map estimation
results. LASER using 72 as backbone achieves the best
overall performance among training-free methods, substan-
tially outperforming both VGGT-Long [9] and 73-Long in
Comp and Chamfer while maintaining comparable Acc.
For outdoor setting, we use the Waymo Open
Dataset [54] on urban driving segments and report Acc,



Table 8. Ablation Studies for Submap Registration (Sec. 7). w/o IRLS denotes estimating scale via closed-form solution instead of IRLS.
w/o Anchor denotes estimating rigid transformation on scaled point maps instead of scaled camera anchors.

Sintel ‘ Bonn ‘ Sintel
AbsRel | 6<1.251 | AbsRel | <1251 | ATE| RPEyus ! RPEq |
Ours 0.247 68.8 0.048 97.4 0.061 0.028 0.249
w/o IRLS 0.328 51.4 0.123 85.6 0.107 0.035 0.249
w/o Anchor  0.247 68.8 0.048 97.4 0.081 0.039 0.742

Comp, and Chamfer distance, following [9] (results in the
supplementary material). To mitigate artifacts from sky and
far-background regions, we uniformly filter out the lowest-
confidence 40% of predicted points for all methods; these
results serve as a comparative reference rather than a strict
head-to-head benchmark.

13. Future Directions

Although our method demonstrates strong performance, it
has room for improvements. We show some failure cases in
Fig. 11, and list two directions that interest us most:

* Different hyperparameters for indoor and outdoor
scenes. Our framework requires empirical hyperparam-
eter tuning for diverse environments (e.g., window size,
overlap ratio, and depth-layer confidence thresholds).
While this manual tuning improves stability for each do-
main, it reduces the generality of our method and makes
adaptive adjustment when transferred to new settings an
interesting direction to explore.

¢ Performance bounded by backbone reconstructors.
Because our system is built on top of offline 3D recon-
structors, its performance is heavily dependent on the
backbone submap prediction quality. For example, when
using VGGT as backbone, our method inherits VGGT’s
inability to handle dynamic or non-rigid scenes. As
VGGT struggles to maintain reliable geometry and cam-
era pose estimates in the presence of moving objects, our
method also fails under such conditions. This dependency
limits applicability to fully static or quasi-static scenes.
We look forward to seeing how advancement on offline
3D reconstructors can boost our method as well.



w/o IRLS w/o Anchor Ours (7%)

Figure 9. Ablation Studies for Submap Registration (Sec. 7). w/o IRLS denotes estimating scale via closed-form solution instead of IRLS.
w/o Anchor denotes estimating rigid transformation on scaled point maps instead of scaled camera anchors.



CUT3R [62] StreamVGGT [73] VGGT-SLAM [35] Ours (1)

Figure 10. Qualitative comparison on different sequences.

Input Video Ours (73) Input Video Ours (VGGT) on dynamic scene

Figure 11. Failure Cases.



