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Abstract. Recent geometric foundation models enable feed-forward in-
ference for SLAM, but their predictions are strongly dependent on the in-
put view set, which leads to geometric inconsistencies and trajectory drift
when results are chained over long sequences. Online deployment further
exposes a trade-off between the low latency of two-view tracking and the
constraint richness of multi-view inference. We introduce UniSim-SLAM,
an integrated system that runs lightweight two-view keyframe tracking
in the frontend and performs periodic multi-view submap refinement
in the backend. To combine predictions defined in heterogeneous local
coordinates with inconsistent scales, we formulate a unified multi-level
factor graph on Sim(3) that jointly optimizes global keyframe poses and
submap poses. The graph integrates temporal view-to-view odometry
edges, view-to-submap bridge edges with depth-statistics scale anchor-
ing, and submap-to-submap tie and scale constraints to enforce consis-
tent similarity relations across submaps. Experiments on TUM RGB-D
and 7-Scenes show that UniSim-SLAM achieves state-of-the-art accuracy
in the uncalibrated setting, reducing trajectory error by 38.5% on TUM
RGB-D and 45.9% on 7-Scenes compared to prior best results. Project
page: https://vision3d-lab.github.io/unisim-slam/.
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1 Introduction

Recent progress in geometric foundation models is reshaping the design of visual
SLAM systems. For example, models such as DUSt3R [40] and VGGT [38] have
enabled feed-forward estimation of dense depth maps and relative camera poses,
even from uncalibrated image sets. As a result, recent SLAM systems [22, 26,
46] have begun to apply feed-forward models to specific view subsets, such as
image pairs or multi-view image clips, treating each inference output as a local
reconstruction defined in its own local coordinate, which is subsequently aligned
into a global coordinate system.

One practical challenge in feed-forward SLAM is that geometric estimates
are conditioned on the input view configuration. Even for the same image, the
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Fig. 1: Trade-off in feed-forward SLAM inference regimes. (a) Two-view
inference enables low-latency tracking but provides limited geometric constraints.
(b) Multi-view submap inference yields richer geometry but incurs higher latency.
(c) UniSim-SLAM combines a two-view frontend with a multi-view submap backend
and jointly optimizes both in a unified Sim(3) factor graph.

estimated scale and pose can vary depending on the co-visible views, leading
to geometric inconsistencies when predictions are chained over long sequences.
Accordingly, the global trajectory must be constructed by aligning multiple
configuration-dependent local reconstructions, each defined in its own coordi-
nate frame. For instance, two-view approaches align pairwise reconstructions
using mutual constraints (e.g., VISTA-SLAM [46]), whereas multi-view meth-
ods register submaps by estimating transformations across overlapping regions
(e.g., VGGT-SLAM [22]).

Beyond this configuration-dependent inconsistency, relying on a single infer-
ence regime (i.e., two-view or multi-view inference) further introduces a fun-
damental trade-off (see Fig. 1). Multi-view inference uses rich geometric con-
straints, but it requires accumulating a fixed number of frames (i.e., a submap)
before inference, making per-frame updates impractical. Moreover, refinement
based solely on relationships between these submaps requires overlap between
neighboring submaps to propagate corrections across the trajectory. In particu-
lar, when the overlap does not exist, geometric corrections cannot be effectively
propagated, limiting global consistency. In contrast, two-view inference is com-
putationally lightweight and operates immediately upon receiving a new frame,
resulting in low latency while naturally maintaining temporal connectivity. How-
ever, due to its limited geometric constraints by two-view inference, it is prone
to drift accumulation over time, making it insufficient for maintaining long-term
global consistency. Therefore, relying on either inference regime alone is insuffi-
cient to achieve both low-latency tracking and long-term geometric consistency.

To address this trade-off, we revisit the architectural principles of classic
SLAM systems. Classic SLAM systems [8,11,24,28] successfully mitigate a simi-
lar efficiency-consistency trade-off by combining lightweight two-view odometry
in the frontend with intermittent, globally consistent refinement in the back-
end. This paradigm ensures robust graph connectivity through the temporal
consistency of two-view inference while simultaneously using the rich geomet-
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ric constraints of multi-view submaps. However, existing feed-forward methods
typically perform either pairwise two-view alignment [46] or submap-to-submap
registration in isolation [22]. Yet, naively combining two-view and multi-view
predictions is non-trivial because their predictions reside in heterogeneous local
coordinate systems with inconsistent scales and reference frames. Consequently,
a new factor graph formulation is required to jointly optimize these heteroge-
neous constraints within a single unified framework.

In this work, we propose UniSim-SLAM, a new feed-forward SLAM system
that unifies two-view and multi-view inferences within a single Sim(3) factor
graph (see Fig. 1). Our key insight is that geometric predictions obtained from
different feed-forward inference regimes can be interpreted as complementary
constraints that reside in heterogeneous local coordinate systems, and there-
fore must be jointly optimized within a unified Sim(3) factor graph. Specifi-
cally, two-view inference provides lightweight and densely connected temporal
constraints that support low-latency tracking, while multi-view inference pro-
duces geometrically consistent submaps that anchor the global structure of the
scene. UniSim-SLAM integrates these heterogeneous constraints through a unified
multi-level factor graph defined on the Sim(3) manifold, enabling consistent
optimization across both frame-level and submap-level predictions. By jointly
optimizing two-view and multi-view constraints within this unified framework,
UniSim-SLAM resolves the efficiency-consistency trade-off in feed-forward SLAM,
achieving both low-latency tracking and long-term geometric stability.

We evaluate UniSim-SLAM on standard SLAM benchmarks [30, 32], demon-
strating state-of-the-art performance. The main contributions are summarized
as follows:

– We propose UniSim-SLAM, a feed-forward SLAM system that jointly op-
timizes heterogeneous predictions from two-view and multi-view inference
regimes within a unified Sim(3) optimization framework.

– We introduce a unified multi-level factor graph that connects frames and
submaps through three complementary edges (i.e., view-to-view, view-to-
submap, and submap-to-submap), enabling scale-consistent optimization and
drift correction even when submaps do not directly overlap.

– We demonstrate that integrating temporally dense two-view constraints with
geometrically rich multi-view submaps enables robust correction propagation
across long trajectories, achieving state-of-the-art performance on standard
SLAM benchmarks.

2 Related Work

2.1 Visual SLAM

Visual SLAM can be broadly categorized into two paradigms, feature-based
methods and direct methods. Feature-based methods such as ORB-SLAM [3,
24, 25] and Kimera [28] follow the SfM pipeline [1, 20, 29], leveraging keypoint
matching for triangulation and PnP [15, 16]. In contrast, direct methods [8, 9]
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optimize camera poses by minimizing photometric residuals, typically alongside
per-frame depth estimation. Despite different frontends, both typically rely on
an optimization backend, most commonly bundle adjustment [36]. They are sen-
sitive to camera calibration and challenging visual conditions, often producing
only sparse or semi-dense maps.

To overcome these limitations, learning-based SLAM integrates deep neural
networks into the frontend or the scene representation to improve robustness
and densify mapping. DeepFactors [4] and DeepV2D [34] focus on learned depth
and pose with multi-view consistency, whereas DROID-SLAM [35] and DPV-
SLAM [19] couple learned correspondences with differentiable bundle adjust-
ment for iterative refinement. Neural implicit mapping jointly optimizes camera
poses with an implicit scene representation online. For example, iMAP [33] and
NICER-SLAM [49] use MLP-based implicit maps for online reconstruction, while
GlORIE-SLAM [47] adopts a deformable neural point-cloud representation with
loop closure and online global BA for improved global consistency. More re-
cently, 3D Gaussian Splatting (3DGS) [14] has enabled efficient differentiable
dense SLAM. 3DGS-based methods, including Gaussian Splatting SLAM [23]
and GS-SLAM [43], jointly optimize poses and Gaussian primitives.

Nevertheless, most learning-based and neural mapping approaches still rely
on accurate intrinsics and remain computationally heavy for real-time use.

2.2 Feed-Forward Visual SLAM

Recent progress in large-scale self-supervised representation learning and ge-
ometry estimation (e.g ., DINOv2 [27], Depth Anything [18, 44, 45], Founda-
tionStereo [42]) has enabled feed-forward 3D geometric foundation models that
predict geometry and camera parameters in a feed-forward manner, reducing
reliance on handcrafted correspondences and heavy per-sequence optimization.
Based on these advances, pairwise feed-forward models [17,40] regress 3D struc-
ture and dense correspondences from uncalibrated image pairs, and can be scaled
to unconstrained collections via retrieval-based view graphs and global align-
ment [7]. Complementary directions include direct relative pose regression [6]
and feed-forward prediction of 3D Gaussian primitives without intrinsics [31].

Beyond pairwise settings, these models also support multi-view and long-
horizon inference. Memory or state-based models [37, 39] enable incremental
reconstruction in a global frame, while long-term tracking provides a robust
correspondence backbone [12]. Recent multi-view foundation models further infer
dense geometry jointly with camera parameters from one to many views in a
single pass (e.g ., VGGT [38], π3 [41], MapAnything [13]), with VGGT-Long [5]
improving scalability to long RGB streams via chunk-wise reconstruction and
lightweight loop-closure optimization.

Leveraging these models, feed-forward visual SLAM methods have emerged
and can be broadly grouped into two-view and multi-view pipelines. Two-view
feed-forward SLAM conducts pairwise predictions and lightweight global opti-
mization. For example, MASt3R-SLAM [26] uses MASt3R [17] as a two-view
3D reconstruction and matching prior and builds a real-time dense monocular



UniSim-SLAM 5

SLAM system with pointmap-based matching, local fusion, loop closure, and
second-order global optimization. Similarly, ViSTA-SLAM [46] proposes a sym-
metric two-view association frontend that regresses local point maps and relative
pose from two RGB images, mitigating drift via Sim(3) pose-graph optimiza-
tion with loop closure in the backend. Multi-view feed-forward SLAM focuses
on incrementally aligning and globally optimizing submaps produced by multi-
view reconstruction backbones. VGGT-SLAM [22] incrementally builds VGGT
submaps and globally aligns them by optimizing 15-DoF projective transforma-
tions on the SL(4) manifold to handle ambiguity under uncalibrated cameras.
Most feed-forward SLAM systems exploit either two-view temporal constraints
or multi-view submap constraints in isolation. In contrast, UniSim-SLAM jointly
utilizes both within a unified multi-level factor graph.

3 Method

3.1 Overview

UniSim-SLAM revisits the classical SLAM paradigm to address the trade-off be-
tween inference latency and geometric constraint richness in feed-forward SLAM.
Our system combines a lightweight two-view frontend for low-latency tracking
with a constraint-rich multi-view backend for drift correction. However, two-view
and multi-view inferences are defined in different local coordinate systems and
exhibit inconsistent scale and reference frames. To coherently integrate these
heterogeneous predictions, we formulate a unified pose graph on the Sim(3)
manifold, which naturally accommodates rotation, translation, and scale ambi-
guity (see Fig. 2).

Given an input image stream, the frontend samples keyframes and incremen-
tally estimates global poses using pairwise two-view predictions. In parallel, the
backend periodically constructs multi-view submaps over contiguous keyframe
windows, producing submap-local pose estimates. The optimization variables
of the unified factor graph consist of global keyframe poses {Ti} and submap
poses {Sm}, both of which are jointly refined within a unified Sim(3) optimiza-
tion framework. Details of the frontend and backend are described in Secs. 3.2
and 3.3, followed by the unified factor graph formulation in Sec. 3.4.

3.2 Two-View Tracking on Keyframes

The frontend plays a central role in ensuring low latency and temporal consis-
tency. For each temporally consecutive keyframe pair (Ii, Ij) with j = i+ 1, we
feed the image pair into a feed-forward model (e.g., VGGT [38], STA [46]) to
obtain two-view estimations:

{D̂2v
i , D̂2v

j , T̂ 2v
ij } = f2v(Ii, Ij), (1)

where D̂2v
i and D̂2v

j denote the predicted depth maps, and T̂ 2v
ij ∈ Sim(3) repre-

sents the relative transformation from keyframe Ii to Ij with its scale component
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Fig. 2: Overall framework of UniSim-SLAM. A feed-forward model produces two-
view pose and depth for tracking and multi-view submap predictions for local geometry.
These predictions are integrated into a unified Sim(3) factor graph with multiple edge
types, jointly optimizing global keyframes and submap poses.

initialized to 1. The predicted depth maps are later used to estimate scale an-
chors for submap integration.

To construct a global trajectory from these relative measurements, we first
define a global reference frame. The first keyframe I0 defines the origin of the
global coordinate system. Then, global poses are initialized online by sequentially
composing the two-view relative transformations:

Tj = TiT̂
2v
ij . (2)

This sequential initialization implicitly defines the temporal edges of the pose
graph and maintains its connectivity even when submaps do not overlap. The
resulting trajectory serves as the initial estimate, which is later refined by multi-
view submap constraints in the backend.

3.3 Multi-view Submap Integration

The goal of the backend is to correct the accumulated drift in the global keyframe
poses {Ti}. To achieve this, we periodically construct multi-view submaps that
introduce geometrically rich constraints into the global pose graph. Once a suffi-
cient number of consecutive keyframes are accumulated, we construct the m-th
submap over a contiguous window of keyframes indexed by Wm ⊂ {1, . . . , N}.
The corresponding keyframe sequence is denoted by Im = {Ii}i∈Wm

. We then
apply a feed-forward multi-view model to obtain:

{D̂mv
mi , T̂

mv
mi }i∈Wm

= fmv(Im), (3)
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Fig. 3: Illustration of the unified multi-level factor graph.

where D̂mv
mi denotes the predicted depth map for keyframe Ii within the m-

th submap, and T̂mv
mi ∈ Sim(3) represents the submap-local pose of Ii, with its

scale component initialized to 1. Although the same geometric foundation model
is employed as in the two-view frontend, we denote it by fmv to highlight its
operation on multi-view inputs and its asynchronous execution in the backend.

During inference, each submap is reconstructed in its own local coordinate
frame, with the center keyframe in Wm as the submap origin. To integrate this
reconstruction into the global trajectory, we introduce a submap pose Sm ∈
Sim(3) that transforms the m-th submap coordinate frame into the global frame:

Ti ≈ SmT̂mv
mi . (4)

The optimization therefore jointly estimates the global keyframe poses {Ti} and
the submap poses {Sm}. Because multi-view predictions are view-set dependent,
the same keyframe can appear with different scales and poses across submaps.
Hence, submap-local poses cannot be treated as globally consistent measure-
ments without explicitly introducing {Sm}. To successfully perform this joint
optimization, we initialize the submap pose Sm before joint optimization. Let
Ii denote the origin keyframe of submap m, such that T̂mv

mi = I. Let the corre-
sponding global pose obtained from two-view inference be:

Ti =

[
siRi ti
0⊤ 1

]
, (5)

where Ri ∈ SO(3), ti ∈ R3, and si ∈ R+. To resolve the relative scale ambiguity
between two-view and multi-view predictions, we estimate a relative scale using
depth statistics srelmi = median(D̂mv

mi /D̂
2v
i ). Since the multi-view prediction is

expressed with unit scale, the initial submap scale is set as s
(0)
m = si/s

rel
mi. The

submap pose is then initialized in Sim(3) form as:

S(0)
m =

[
s
(0)
m Ri ti/s

rel
mi

0⊤ 1

]
. (6)

This initialization ensures that the submap origin aligns with the global pose
of Ii while maintaining a consistent similarity transformation structure. The
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translation is scaled by the same relative factor to preserve the similarity trans-
formation between the global and submap frames. It provides a scale-consistent
embedding of the submap into the global trajectory, after which both Ti and Sm

are jointly refined in the unified optimization.
However, when two-view and multi-view constraints are simultaneously im-

posed, multiple Sim(3) relationships coexist within a submap. Each keyframe
is associated with a global pose Ti, while the submap is associated with its own
Sim(3) variable Sm. Consequently, enforcing a single relative scale constraint
at initialization is insufficient to guarantee global consistency. This observation
motivates the multi-level factor graph formulation, which explicitly models het-
erogeneous Sim(3) constraints while jointly optimizing {Ti} and {Sm}.

3.4 Unified Sim(3) Pose Graph

As discussed in Sec. 3.3, two-view and multi-view feed-forward inferences pro-
duce Sim(3) predictions in different coordinate systems with independent scale.
Directly enforcing these heterogeneous constraints in a conventional pose graph
may lead to incompatible similarity relations and unstable optimization. To over-
come this structural inconsistency, we formulate a unified multi-level pose graph
(see Fig. 3) directly on the Sim(3) manifold. Unlike prior pipelines that opti-
mize pairwise or submap constraints in isolation, our formulation jointly models
all heterogeneous Sim(3) relations in a single similarity-consistent graph. The
unified graph G = (V, E) consists of global pose nodes and submap pose nodes:

V = VT ∪ VS , VT = {Ti ∈ Sim(3)}, VS = {Sm ∈ Sim(3)}. (7)

The edge set is decomposed into three hierarchical groups:

E = Etemp ∪ Ev2s ∪ Es2s. (8)

These groups encode geometric relations across temporal, cross-level, and inter-
submap structures. Specifically, temporal edges Etemp connect consecutive global
poses to ensure connectivity. View-to-submap edges Ev2s link global poses Ti with
submap poses Sm to align local predictions and constrain relative scales. Finally,
submap-to-submap edges Es2s directly connect overlapping submaps to enforce
similarity consistency and prevent scale drift.

View-to-View Edges. The temporal edge set is defined as Etemp = {(i, j) |
j = i+1}, where each pair represents a temporally consecutive keyframe pair. For
each (i, j) ∈ Etemp, the two-view feed-forward model provides a relative Sim(3)
measurement T̂ 2v

ij . We impose the temporal consistency constraint T−1
i Tj ≈ T̂ 2v

ij ,
which enforces agreement between the composed global poses and the pairwise
feed-forward prediction.

Beyond local consistency, these edges form a globally connected temporal
backbone. This connectivity is crucial in the unified multi-level graph because,
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even when submaps are sparse or non-overlapping, temporal edges allow cor-
rections from higher-level constraints to propagate across the trajectory. The
corresponding residual in the Lie algebra sim(3) is defined as

e2vij = log
(
(T̂ 2v

ij )−1(T−1
i Tj)

)
. (9)

View-to-Submap Edges. The view-to-submap edge set is defined as Ev2s =
{(m, i) | i ∈ Wm}, where each element connects a global pose node Ti with its
corresponding submap pose node Sm. For each (m, i) ∈ Ev2s, submap m contains
the submap-local pose T̂mv

mi . Each view-to-submap edge introduces two comple-
mentary residual terms: a pose alignment constraint and a scale consistency
constraint.

Pose Alignment. We enforce the Sim(3) consistency relation Ti ≈ SmT̂mv
mi ,

which aligns the submap-local prediction with the global trajectory. The corre-
sponding bridge residual in sim(3) is defined as

ebrmi = log
(
(T̂mv

mi )
−1S−1

m Ti

)
. (10)

Bridge edges align submap-local poses with the global trajectory, correcting drift
within Wm. When keyframes are shared across submaps, this coupling implicitly
aligns overlapping submaps through their common global pose nodes. However,
pose alignment alone does not constrain the relative scale between the global
trajectory and the submap coordinate frame.

Scale Anchoring. In addition to pose alignment, each view-to-submap edge also
constrains relative scale using per-view depth statistics. Let D̂2v

i and D̂mv
mi denote

the predicted two-view and multi-view depths. The scale residual is defined as

eanchmi = log si − log sm − log
(
median(D̂mv

mi /D̂
2v
i )

)
. (11)

This additional scale term stabilizes the relative scale between the global tra-
jectory and the submap coordinate frame, preventing scale inconsistency from
propagating across submaps.

Submap-to-Submap Edges. While view-to-submap edges enable indirect
alignment between submaps via global view nodes, this coupling can be com-
pensated by shifting intermediate view nodes. To enforce strict consistency be-
tween submap coordinate frames, we introduce direct submap-to-submap edges
for overlapping submaps. The submap-to-submap edge set is defined as Es2s =
{(m,n) | Wm ∩Wn ̸= ∅}, where an edge is introduced between submaps whose
keyframe windows overlap. Let Vmn = Wm∩Wn denote the shared keyframes be-
tween submaps m and n. Each submap-to-submap edge introduces two residual
terms: a pose consistency constraint (i.e., a tie constraint) and a scale consis-
tency constraint.
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Pose Consistency (Tie). For each shared keyframe i ∈ Vmn, multi-view inference
yields independent local pose predictions T̂mv

mi and T̂mv
ni within submaps m and n,

respectively. Geometric consistency requires that transforming the shared view
from both submap coordinate frames yields the same global pose, SmT̂mv

mi ≈
SnT̂

mv
ni . We encode this requirement with the tie residual

etiemn,i = log
(
(SmT̂mv

mi )
−1(SnT̂

mv
ni )

)
. (12)

We also enforce scale consistency between overlapping submaps using dense
depth statistics. For each shared keyframe i ∈ Vmn, we estimate a per-view
relative scale ŝmn,i = median(D̂mv

mi /D̂
mv
ni ), where D̂mv

mi and D̂mv
ni denote the

multi-view depth predictions for keyframe i obtained within submaps m and
n, respectively. We aggregate these estimates across shared views as ŝmn =
mediani∈Vmn ŝmn,i. The corresponding scale residual is defined as

escmn = log sn − log sm − log ŝmn. (13)

Using statistics over pixel-aligned depth predictions from shared keyframes pro-
vides a robust estimate of the relative scale between submaps. These tie and
scale constraints align the coordinate frames and relative scales of overlapping
submaps, preventing drift between independently estimated submaps and ensur-
ing that the multi-level graph remains globally consistent. This direct constraint
prevents degenerate solutions where submap alignment is satisfied through com-
pensating changes in intermediate view poses.

Optimization. We jointly optimize the global view poses {Ti} and submap
poses {Sm} by minimizing the residuals introduced by the edges in the unified
Sim(3) graph. The optimization variables lie on the Sim(3) manifold and are
solved using nonlinear least squares. The overall objective is defined as

argmin
{Ti},{Sm}

∑
(i,j)∈Etemp

ρ
(∥∥e2vij ∥∥)+ ∑

(m,i)∈Ev2s

(
ρ
(∥∥ebrmi

∥∥)+ ρ
(∥∥eanchmi

∥∥) ) (14)

+
∑

(m,n)∈Es2s

( ∑
i∈Vmn

ρ
(∥∥etiemn,i

∥∥)+ ρ(∥escmn∥)
)
,

where ρ(·) denotes the Huber loss function. The optimization is solved using
nonlinear least squares with the Levenberg–Marquardt algorithm on the Sim(3)
manifold via the Lie algebra sim(3). Through this unified optimization, geometric
corrections introduced by higher-level submap constraints propagate consistently
across the entire trajectory.

Loop Closure. To correct long-term drift, we incorporate a loop closure mod-
ule following prior works [22]. Loop candidates are detected via global image
retrieval and geometric verification between keyframes. Once a loop is detected,
we construct a joint loop submap that aggregates two multi-view sets centered
at the query keyframe and the matched keyframe. The resulting multi-view pre-
dictions introduce additional constraints by inserting the loop submap into the
unified Sim(3) pose graph. Details are provided in the supplementary material.
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Table 1: Quantitative trajectory results on TUM RGB-D. We report ATE
RMSE [m]↓ for each sequence under calibrated (Calib.) and uncalibrated (Uncalib.)
methods. × denotes failure to produce a valid trajectory. The asterisk on MASt3R-
SLAM denotes its uncalibrated setting.

Method 360 desk desk2 floor plant room rpy teddy xyz Avg

ORB-SLAM3 [3] × 0.017 0.210 × 0.034 × × × 0.009 N/A
DeepV2D [34] 0.243 0.166 0.379 1.653 0.203 0.246 0.105 0.316 0.064 0.375
DeepFactors [4] 0.159 0.170 0.253 0.169 0.305 0.364 0.043 0.601 0.035 0.233
DPV-SLAM [19] 0.112 0.018 0.029 0.057 0.021 0.330 0.030 0.084 0.010 0.076
DPV-SLAM++ [19] 0.132 0.018 0.029 0.050 0.022 0.096 0.032 0.098 0.010 0.054
GO-SLAM [48] 0.089 0.016 0.028 0.025 0.026 0.052 0.019 0.048 0.010 0.035
DROID-SLAM [35] 0.111 0.018 0.042 0.021 0.016 0.049 0.026 0.048 0.012 0.038

C
al

ib
.

MASt3R-SLAM [26] 0.049 0.016 0.024 0.025 0.020 0.061 0.027 0.041 0.009 0.030

CUT3R [39] 0.174 0.592 0.546 0.662 0.467 0.911 0.051 0.845 0.129 0.486
SLAM3R [21] 0.211 0.861 0.967 0.790 0.755 1.013 0.063 0.986 0.185 0.648
MASt3R-SLAM* [26] 0.070 0.032 0.055 0.056 0.035 0.118 0.041 0.116 0.020 0.060
VGGT-SLAM [22] 0.063 0.031 0.048 0.152 0.023 0.133 0.038 0.039 0.020 0.061
ViSTA-SLAM [46] 0.104 0.030 0.030 0.070 0.052 0.067 0.023 0.080 0.015 0.052U

nc
al

ib
.

UniSim-SLAM 0.067 0.018 0.022 0.034 0.029 0.056 0.021 0.031 0.013 0.032

4 Experiment

4.1 Experimental Setup

We evaluate UniSim-SLAM on two standard RGB SLAM benchmarks: TUM
RGB-D [32] and 7-Scenes [30]. For 7-Scenes, we utilize the refined ground-truth
poses provided by Brachmann et al . [2]. To evaluate tracking performance, we
measure the Root Mean Square Error (RMSE) of the Absolute Trajectory Error
(ATE) following Sim(3) alignment, computed via the evo toolkit [10]. Further-
more, to assess dense 3D reconstruction quality, we report Accuracy, Completion,
and Chamfer Distance on the 7-Scenes dataset.

We compare UniSim-SLAM against recent learning-based SLAM systems, in-
cluding two-view feed-forward approaches (MASt3R-SLAM [26], ViSTA-SLAM
[46]), multi-view approaches (VGGT-SLAM [22]), and regression-based methods
(CUT3R [39], SLAM3R [21]). Calibration-based methods [3,4,19,34,48] assum-
ing known intrinsics are also included. For TUM RGB-D, we report baseline
results as reported in prior works [22,26,46].

Implementation Details. For 7-Scenes, we use a keyframe selection stride
of 5 for all uncalibrated methods. For TUM RGB-D, we follow the evaluation
protocol of [46] and use a stride of 3. For backend optimization, UniSim-SLAM
constructs submaps of size 16 with an overlap of 2 frames. Additional imple-
mentation details, frontend and runtime analyses, large-scale evaluations, and
extended reconstruction results are provided in the supplementary material.

4.2 Evaluation

Camera Trajectory. UniSim-SLAM achieves state-of-the-art performance in
the uncalibrated setting on both TUM RGB-D (Tab. 1) and 7-Scenes (Tab. 2).
On TUM RGB-D, we observe a noticeable reduction in trajectory error on the
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Table 2: Quantitative trajectory results on 7-Scenes (ATE RMSE [m]↓).

Method chess fire heads office pumpkin kitchen stairs Avg

DROID-SLAM [35] 0.018 0.027 0.021 0.041 0.025 0.016 0.017 0.024
C

al
ib

.

MASt3R-SLAM [26] 0.082 0.030 0.024 0.052 0.050 0.044 0.027 0.044

CUT3R [39] 0.514 0.110 0.197 0.430 0.346 0.202 0.385 0.312
SLAM3R [21] 0.131 0.044 0.040 0.058 0.100 0.064 0.116 0.079
MASt3R-SLAM [26] 0.090 0.058 0.039 0.072 0.084 0.062 0.071 0.068
VGGT-SLAM [22] 0.039 0.024 0.041 0.032 0.050 0.034 0.042 0.037
ViSTA-SLAM [46] 0.075 0.035 0.030 0.064 0.065 0.041 0.036 0.049U

nc
al

ib
.

UniSim-SLAM 0.017 0.018 0.026 0.024 0.022 0.016 0.019 0.020

MASt3R-SLAM VGGT-SLAM ViSTA-SLAM Ours

Fig. 4: Qualitative trajectory comparisons on 7-Scenes [30].

floor sequence. Because this scene is dominated by planar structures, it provides
limited geometric cues for scale recovery, making feed-forward predictions prone
to scale drift. Our method significantly improves trajectory accuracy in this
challenging case, indicating that the proposed multi-level factor graph effectively
stabilizes scale by jointly optimizing view and submap constraints (see Fig. 4).

A similar trend is observed on 7-Scenes. In the chess sequence, large depth
variations and changes in camera-to-object distance introduce scale inconsisten-
cies, highlighting the sensitivity of feed-forward models to input view config-
urations. UniSim-SLAM substantially reduces trajectory error on this sequence,
demonstrating that unified Sim(3) optimization effectively mitigates scale drift.

3D Reconstruction. To evaluate 3D reconstruction performance, we recon-
struct a global point cloud using the optimized global view poses {Ti} together
with the multi-view depth estimates D̂mv and intrinsics, and confidence maps.
Following [22], we discard points corresponding to the lowest 25% confidence
scores. Because our framework produces overlapping submaps, directly aggre-
gating all reconstructed points would artificially improve completion metrics
due to increased point density. To avoid this bias, we select a single depth map
with the highest confidence score for each view from the submaps.

Tab. 3 shows that UniSim-SLAM achieves lower Accuracy and Chamfer Dis-
tance while maintaining comparable Completion, indicating improved geometric
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VGGT-SLAM ViSTA-SLAM OursMASt3R-SLAM

K
it
ch
en

R
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m

Fig. 5: Reconstruction results on 7-Scenes and TUM RGB-D. Red boxes in-
dicate close-up views highlighting scene details.

precision of the reconstructed scene. Fig. 5 presents qualitative results on the
7-Scenes kitchen and TUM RGB-D room sequences.

Latency. Tracking latency is an important aspect of SLAM systems, as camera
pose estimates are expected to be available with low latency once input frames
arrive. We therefore analyze the latency required to obtain a pose estimate during
tracking. Specifically, we measure the elapsed time from receiving the minimum
required input frames to producing a camera pose estimate in the frontend, and
report the results in Tab. 4c. We observe that UniSim-SLAM achieves lower ATE
by using multi-view information while operating at a moderate latency. This
suggests that the proposed system alleviates the accuracy-efficiency trade-off,
although the latency remains higher than that of specialized two-view SLAM
pipelines. This difference mainly arises from the large model size and general-
purpose nature of our frontend backbone, VGGT. To further analyze this aspect,
we additionally evaluate a variant that replaces the frontend with a low-latency
model (Ours + STA in Tab. 4c). Although using different models in the frontend
and backend introduces additional Sim(3) inconsistencies, the resulting system
still achieves better performance than existing methods. These results indicate
that our multi-level factor graph can effectively perform Sim(3) refinement even
when integrating predictions from heterogeneous feed-forward models.

4.3 Ablation Study

In this section, we analyze the impact of the submap configuration and the
contribution of each graph constraint. Additional ablation studies and extended
experimental results are provided in the supplementary material.

Impact of Submap Configuration. In Tab. 4b, we analyze two key hy-
perparameters: the submap size w, which determines the number of keyframes
per submap, and the submap overlap ϕ, which controls the number of shared
keyframes between adjacent submaps.
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Table 3: Reconstruction error on 7-Scenes. We report Accuracy (Acc.), Comple-
tion (Comp.), and Chamfer Distance.

Method Acc. ↓ Comp. ↓ Chamfer ↓

DROID-SLAM [35] 0.111 0.049 0.080

C
al

ib
.

MASt3R-SLAM [26] 0.064 0.068 0.066

Spann3R @5 [37] 0.095 0.041 0.068
CUT3R [39] 0.107 0.059 0.083
SLAM3R [21] 0.069 0.153 0.111
MASt3R-SLAM [26] 0.054 0.048 0.051
VGGT-SLAM [22] 0.039 0.051 0.045
ViSTA-SLAM [46] 0.041 0.056 0.049

U
n
ca

li
b.

UniSim-SLAM 0.035 0.046 0.041

Table 4: Ablation studies and latency comparison.

(a) Ablation Studies on 7-Scenes.

w/o Backend w/o LC w/o e2v w/o eanch w/o ebr w/o etie w/o esc Ours (full)

ϕ = 0 0.124 0.061 0.101 0.083 0.116 0.040 0.048 0.032
ϕ = 2 0.124 0.037 0.021 0.020 0.063 0.027 0.031 0.020

(b) w and ϕ on TUM RGB-D.

w ϕ = 1 ϕ = 2 ϕ = 4 ϕ = 8

4 0.043 0.041 – –
8 0.035 0.035 0.035 –
16 0.031 0.032 0.031 0.030
32 0.033 0.032 0.034 0.033

(c) Latency comparison on 7-Scenes.

Method Frontend Latency [ms]↓ ATE↓

MASt3R-SLAM [26] MASt3R [17] 90 0.068

VGGT-SLAM [22] VGGT [38] 3410 0.037

ViSTA-SLAM [46] STA [46] 35 0.049

Ours + STA [46] STA [46] 35 0.027

Ours VGGT [38] 197 0.020

Submap Overlap. As shown in Tab. 4b, an overlap of a single frame (ϕ = 1)
makes submap alignment rely entirely on a single multi-view local pose estima-
tion, risking optimization instability. To prevent this, we adopt ϕ = 2 as the
default configuration, ensuring robust optimization with minimal overhead.

Submap Size. Larger submaps improve local multi-view estimation but reduce
the number of submap nodes in the graph, weakening global constraints. Ac-
cordingly, large submaps (w = 32) do not necessarily improve performance. We
thus set w = 16 by default. Additional experiments and details are in the sup-
plementary material.

Effectiveness of Graph Constraints. In Tab 4a, we provide an ablation
study evaluating the contribution of each backend component. Under the de-
fault configuration (ϕ = 2), removing any individual constraint leads to a no-
ticeable performance drop, indicating that the proposed multi-level factor graph
effectively refines the global trajectory. This confirms that the improvements



UniSim-SLAM 15

arise from the synergistic interaction of multiple constraints rather than a single
dominant factor. Notably, even without loop closure, the system achieves per-
formance comparable to existing state-of-the-art methods, suggesting that the
proposed graph alone produces a globally consistent optimization. Furthermore,
in a non-overlap setting (ϕ = 0), the temporal view-to-view edge becomes par-
ticularly crucial, as it maintains graph connectivity and enables scale corrections
to propagate across the trajectory.

5 Conclusion

We proposed UniSim-SLAM, a feed-forward SLAM system that unifies low-latency
two-view tracking and multi-view submaps within a Sim(3) optimization frame-
work. Our key insight is that predictions from different feed-forward inference
regimes reside in heterogeneous coordinate systems and must therefore be jointly
optimized. By representing these predictions as complementary constraints in a
multi-level factor graph, UniSim-SLAM enables consistent global pose estimation
while preserving immediate tracking updates. This unified formulation bridges
fast two-view inference and constraint-rich multi-view reconstruction, enabling
robust drift correction. Experiments on TUM RGB-D and 7-Scenes demonstrate
that UniSim-SLAM outperforms existing feed-forward SLAM methods, highlight-
ing the effectiveness of unified optimization for integrating heterogeneous geo-
metric predictions.
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