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Appendix

Appendix provides additional mathematical and algorith-
mic details that underpin the design of VGGT-SLAM++.
We focus on six components: (A1) VGGT-SLAM++ Re-
sult Discussion on Established and Custom Datasets (A2)
Depth Thresholding and Removal of Far-Field Floaters
(A3) Global DEM Construction and Colour Mapping,
(A4) FAISS–HNSW as the Covisibility Retrieval Back-
bone, (A5) Use of AnyLoc on DEM Images, (A6) Choice
of Sim(3) for Back-end Optimisation

A1. VGGT-SLAM++ Result Discussion on Es-
tablished and Custom Datasets

We have performed the experiments with VGGT-
SLAM++ over 5 established datasets, KITTI odometry
[12], Virtual KITTI [10], TUM RGB-D [32], 7-Scenes
[28], EuRoC-MAV [4]. Our corrective backend leads to
drift correction with loop detections and closures.

An observation is the limited ability of the VGGT
odometry module to provide accurate motion estimates
on monochrome (grayscale) datasets such as EuRoC
(shown in table 1; best result is green, second best is
light-green, third best is yellow.), as the underlying trans-
former was trained exclusively on RGB data, hence we
observe under-performance of VGGT-SLAM++ com-
pared to classical methods and DROID SLAM [33]. Yet
VGGT-SLAM++ reduces ATE by 9% on EuRoC com-
pared to the VGGT-SLAM baseline (Sim(3)+SL(4) aver-
aged), due to our drift corrector backend module.

We also extend our experiments over custom datasets
with various ground truth sources, such as the custom
dataset (Fig 5(F) from the main paper) with 287.381m
long path length recording by the GoPro HERO10 cam-
era with GPS groundtruth (with precision 2m) from the
Geo Tracker mobile application (ATE RMSE 7.17 ±2
m) as shown in Fig. 1. We have also conducted several
experiments with custom recordings by the OAK-1 cam-
era (Fig 5(B) from the main paper) with Humanoid robot
kinematics groundtruth (ATE RMSE 0.02m) over path
length of 1.8m and another case, also with the OAK-1
based camera recording (Fig 5(C) from the main paper)
with Cobot forward kinematics groundtruth (ATE RMSE

Table 1. EuRoC MAV Benchmark. Absolute trajectory
RMSE error (ATE, meters). Gray shade indicates results from
calibrated methods. “–” indicates SL(4) does not converge.

Method Uncalib. MH01 MH02 MH03 MH04 MH05 Avg.

ORB-SLAM [26] ✗ 0.071 0.067 0.071 0.082 0.060 0.070
DSM [41] ✗ 0.039 0.036 0.055 0.057 0.067 0.051
ORB-SLAM3 [26] ✗ 0.016 0.027 0.028 0.138 0.072 0.056

DeepFactors [6] ✓ 1.587 1.479 3.139 5.331 4.002 3.108
DROID-SLAM [33] ✓ 0.013 0.014 0.022 0.043 0.043 0.027
VGGT-SLAM (Sim(3)) [23] ✓ 1.740 2.890 2.270 3.390 4.400 2.938
VGGT-SLAM (SL(4)) [23] ✓ 3.780 3.960 3.710 – – N/A
VGGT-SLAM++ (Ours) ✓ 1.600 2.700 1.900 2.980 4.150 2.666

0.01m) over path length of 1.8m (a planar scene, showing
the ability of DEMs to make the trajectory estimation
accurate even in planar domain). We also show that the
(Digital Elevation Maps) DEMs [14] can handle the loop
detection while re-localising a place, even from opposite
ends with a completely different front view as they are
inherently based upon the top view geometry which is
constant while approaching the place from either sides.
The center point of the 8-shaped loop ((Fig 1(A) from the
main paper)) is reached from opposite ends leading to
different front-views but since DEMs are agnostic to this
fact, with their property of rendering the canonical height
map of the place, we can detect loops in a viewpoint
invariant style.

VGGT-SLAM++ supports both calibrated and uncal-
ibrated versions. On KITTI, known intrinsics yields
marginal gains: Seq. 05 improves from 25.21 m to
25.20 m; Seq. 03 remains at 4.50 m. Our novelty lies
in engineering a backend, which cuts drift at high ca-
dence, agnostic to the fact of whether calibration exists
or not.

A2. Depth Thresholding and Removal of Far-
Field Floaters
A recurrent failure mode in dense transformer reconstruc-
tions is the presence of far-field floaters [37, 39]: points
reconstructed at extremely large depth due to textureless
sky, horizon regions, or ambiguous background surfaces.
These points do not correspond to observable geometry
and, if left unfiltered, produce high-elevation spikes in
the DEM that violate the planar assumption and might
introduce unstable gradients for both DINOv2 [27] em-
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Figure 1. The red line is the ground truth reference from
GPS readings and the blue line is the estimation by VGGT-
SLAM++ for the custom GoPro camera dataset [Axes’ units
are in meters].

beddings and the Sim(3) backend [31]. To prevent this,
VGGT–SLAM++ applies a physically-motivated depth
filter

∀pi = (xi, yi, zi)
⊤ ∈ P

pi “is kept” if dmin ≤ ∥pi∥2 ≤ dmax, (1)

where dmin and dmax are user-specified bounds that re-
move implausibly near or implausibly distant structures.
In practice, points with ∥pi∥2 ≫ 30m typically originate
from ambiguous sky pixels or regions with vanishing
disparity; these inflate the DEM by acting as outlying
“mountain peaks” during softmax aggregation [34]. Fil-
tering them ensures that the retained set

Pvalid = { pi ∈ P : dmin ≤ ∥pi∥2 ≤ dmax } (2)

spans genuine scene geometry. This stabilises subse-
quent steps: (i) plane-fitting [9] becomes robust because
extreme outliers no longer dominate the covariance; (ii)
height aggregation behaves smoothly because all sam-
ples within a pixel correspond to metrically reasonable
depths; and (iii) global DEM tiles exhibit clean, horizon-
free elevation fields without sky-induced artefacts. Depth
thresholding therefore plays the same role for height sta-
bility as confidence filtering does for prediction quality,
ensuring that VGGT–SLAM++ builds DEMs solely from
geometrically meaningful 3D structure.

A3. Global DEM Construction and Colour
Mapping
This section explains construction of a global Digital
Elevation Map (DEM) [14] from 3D points generated
by a feedforward transformer [35]. The goal is to con-
struct a planar-canonical DEM whose domain is a large
rectangular region in a dominant ground-like plane and
whose values encode signed height above that plane. The
process consists of (i) fitting a stable reference plane, (ii)
expressing all points in a canonical orthonormal frame,

Figure 2. The DEM rendered from the 3D points aligned by
odometry over the KITTI Sequence 05, with color mapping for
better visualisation.

(iii) rasterising heights at a chosen spatial resolution, and
(iv) feeding the grayscale DEM for DINOv2-based re-
trieval.

Input. Let

P = {pi}Ni=1, pi = (xi, yi, zi)
⊤ ∈ R3, (3)

denote all 3D points reconstructed by the frontend in a
common world frame. These points arise from VGGT
depth and Sim(3) odometry.

1. Plane fitting. Inherently a dominant structure un-
derlies every practical scene from a standard dataset e.g.
the ground plane, floor, or road is approximately planar
over the global scale (comprising maximum number of
points). We fit a plane

Π = {p ∈ R3 : n⊤p+ d = 0}, (4)

where n ∈ R3 is a unit normal and d ∈ R a signed offset.
A RANSAC [9] loop proposes triples of points.

This yields a robust, metric ground plane even in clut-
tered scenes. It helps in robust loop detections even when
robot re-visits a location from opposite ends (say ap-
proaching the same building (loop) from either it’s front
or back side each of them with different views, would not
be an issue while perceiving the bird’s eye view (BEV)
[21] version of the place via height maps)

2. Canonical plane-aligned frame. We construct an
orthonormal basis

R = [x y z] ∈ SO(3), z := n, (5)

where the in-plane axes x, y are determined by dominant
eigenvectors of the projected points. Let origin o = p̄
be the mean of all inlier points. Every world point is
expressed in plane-aligned coordinates as

p̃i = R⊤(pi − o) = (ui, vi, hi), (6)

where (ui, vi) are planar coordinates and hi the signed
height above Π. All DEM operations use (ui, vi, hi).



3. Rasterisation into a metric grid. We seek a height
field

H(u, v) : Ω ⊂ R2 → R, (7)

sampled on a regular grid with a globally fixed meters-
per-pixel (mpp) resolution.

We first compute a robust planar bounding box of the
projected points:

u0 = min
i

ui, u1 = max
i

ui, (8)

v0 = min
i

vi, v1 = max
i

vi. (9)

Let the longer span be

S = max(u1 − u0, v1 − v0), (10)

and choose a target number of pixels along this span,
target px long ∈ N. The global spatial resolution is then

mpp =
S

target px long
, (11)

so each pixel, anywhere in the DEM, corresponds to
exactly mpp meters in the plane.

Let Wpx and Hpx be the total grid width and height in
pixels:

Wpx =
⌈u1 − u0

mpp

⌉
, Hpx =

⌈v1 − v0
mpp

⌉
. (12)

We tile this grid into Nu ×Nv square tiles of fixed pixel
size tile px:

Nu =
⌈ Wpx

tile px

⌉
, Nv =

⌈ Hpx

tile px

⌉
. (13)

Thus each tile (Iu, Iv) covers a fixed metric region of size
tile px×tile px pixels, i.e. (tile px·mpp)×(tile px·mpp)
square meters. The resolution mpp is global and does
not change from tile to tile.

For each point (ui, vi) we first compute its global
pixel coordinates

x̂i =
ui − u0

mpp
, ŷi =

vi − v0
mpp

. (14)

The corresponding tile indices and within-tile pixel in-
dices are

Iu =
⌊ x̂i

tile px

⌋
(15)

Iv =
⌊ ŷi

tile px

⌋
, (16)

followed by clipping x, y into [0, tile px − 1]. This is
the logic implemented in the rasteriser: points are binned
by tile (Iu, Iv) and then by integer pixel coordinates
(x, y) inside each tile.

x = round
(
x̂i − Iu tile px

)
, (17)

y = round
(
ŷi − Iv tile px

)
, (18)

Height aggregation (the “reducer”). Multiple points
may fall into the same pixel (x, y) of a tile. Let the set of
heights for that pixel be

{h(k)
x,y}

K(x,y)
k=1 . (19)

DEM construction applies a reducer function red(·) to
obtain a single height value

H(x, y) = red
(
{h(k)

x,y}
K(x,y)
k=1

)
. (20)

In practice we support three choices:
• Mean reducer:

redmean =
1

K(x, y)

K(x,y)∑
k=1

h(k)
x,y. (21)

This yields a smooth height field but can blur sharp
steps.

• Max reducer:

redmax = max
k

h(k)
x,y. (22)

This preserves vertical discontinuities but is sensitive
to outliers.

• Softmax reducer [34] (default):

redsoftmax =

∑
k exp

(
h
(k)
x,y/τ

)
h
(k)
x,y∑

k exp
(
h
(k)
x,y/τ

) , (23)

where τ > 0 is the softmax temperature. As τ → 0
the aggregation approaches the maximum (preserv-
ing sharp curbs and edges); as τ →∞ it approaches
the mean (smoother but more blurred). A small but
non-zero τ provides a good compromise: sharp road
geometry with reduced sensitivity to spurious height
spikes.
Implementation-wise, the rasteriser builds per-pixel

“buckets” of heights and applies the chosen reducer to
each bucket. The raw DEM tile contains the height field
(with NaNs (not a number) for empty pixels, independent
of any visual colourisation). This height field is the signal
used in the DINOv2-based retrieval pipeline.

4. Post-processing and Color-Map assigned to DEMs.
For consistent visual scaling across tiles we compute
global DEM percentiles

hmin = perc0.5(H), hmax = perc99.5(H), (24)

and normalise

I0(x, y) =
clip(H(x, y), hmin, hmax)− hmin

hmax − hmin
∈ [0, 1].

(25)



NaN pixels (no observations) are displayed as pure
white.

- Edge enhancement. Sobel gradients [29] ∇I0 pro-
duce an edge mask

E = 1− αedge
∥∇I0∥2

perc99(∥∇I0∥2)
. (26)

The grayscale image I0 is passed to DINOv2 [27].
Here αedge is the edge strength hyperparameter that

determines how strongly high-gradient regions are dark-
ened. Larger values produce heavier edge shading, while
αedge = 0 disables the effect.

- Hillshading [18]. From the height map H(x, y) we
estimate local normals and compute standard Lambertian
shading [5] with a virtual light direction ℓ:

S(x, y) = max
(
0, nsurf(x, y)

⊤ℓ
)
. (27)

This reveals terrain-like structure. This colored version is
only used for visualisations by humans and never used by
DINOv2 unlike the grayscale version which it actually
interpretes.

These operations produce the yellow–green (yellow
is the ground plane, darker the shade of green higher the
height of the real world point) DEM visualisations as
shown in Fig. 2.

5. Discussion. Ablations with the hyper-parameters
discussed in this section have been shown in Table ?? of
main paper on KITTI odometry [12] sequences 00–10,
reporting their respective average trajectory error in m
(ATE RMSE). The default version of VGGT-SLAM++
uses softmax temperature τ = 0.02 and edge strength
hyperparameter αedge = 0.95, with 90k pixels DEM reso-
lution and 4096 numbers of spatial tiles. the half resolu-
tion ablation study uses 45k pixels resolution and 2048
numbers of spatial tiles while the high resolution ablation
study uses 180k pixels resolution and 4096 numbers of
spatial tiles (the number of smaller tiles are same in all
the three cases of the default, higher and lower resolu-
tions). No edge enhancer implies αedge = 0 and the slight
enhancement uses αedge = 0.50.

The results show that the reduction of the softmax
temperature τ from 0.02 to 0.005 has lower overall ATE
RMSE, as the edges are preserved, while keeping the
smoothness intact at a lower τ . The half resolution sce-
nario indicates presence of a trade-off in terms of the me-
ters per pixel (mpp) represented in the DEM. The ATE
RMSE decreases from a 90k pixels resolution (lower
mpp) to a 45k pixels (higher mpp) at half resolution
choice, indicating presence of a sweet spot of resolution
during the height map rendering that leads to the best
results as evident from the DEM ablation study.

A4. FAISS–HNSW as the Covisibility Re-
trieval Backbone
Modern SLAM backends increasingly rely on high-
dimensional embeddings (e.g. DINOv2 [27] features)
to establish covisible submaps or long-range loop clo-
sures. Nearest–neighbour search [19] in such spaces is
the core operation: given database vectors {xi}Ni=1 ⊂ Rd

and a query q ∈ Rd, one seeks

argmin
i=1,...,N

∥q − xi∥2 (28)

or equivalently top-k neighbours under L2 [3, 24] or
cosine similarity [20, 40].

For moderate N this is feasible by brute force, but for
typical SLAM settings (N raises to tens of thousands)
[36] and queries arrive for every submap to be inserted;
speed of exact search dimishes. Hence, approximate
Nearest Neighbour Search (ANNS) [1] is required.

FAISS (Facebook AI Similarity Search) [8] is a widely
used library that implements a large family of ANNS
algorithms [1], unified under a common indexing ab-
straction. It does not learn features, but maintains a
distributed service, or manage transactions; it provides
efficient, well-engineered vector indices supporting (i)
L2 distance, (ii) cosine similarity, (iii) inner product,
(iv) CPU/GPU implementations, and (v) extremely fast
incremental updates. This section summarises the mathe-
matical foundations relevant to VGGT-SLAM++, before
motivating our choice of the HNSW index [38].

Exact vs. approximate search. Exhaustive search
computes all d-dimensional distances,

Di = ∥q − xi∥22, i = 1, . . . , N, (29)

which costs O(Nd) operations per query. This becomes
prohibitive when N is large or queries arrive at video
frequency. ANNS algorithms reduce this to sublinear
complexity (typically O(logN) or O(Nρ) for ρ < 1) by
replacing the full database with a compressed or naviga-
ble surrogate.

Approximation quality is measured by recall:

recall@k =
|ANN(q, k) ∩GT(q, k)|

k
, (30)

where GT denotes exact top-k neighbours. For SLAM
it is essential that recall [2] is high (strong covisibility
cannot be missed), while latency must remain tightly
bounded.

A5. Use of AnyLoc on DEM Images
AnyLoc [16] is a DINOv2-based [27] visual place recog-
nition system that operates on standard images without
task-specific retraining. DEMs [14] encode height which



constitute coherent images with stable local structure:
edges, ridges, planar regions, and junctions appear as dis-
tinctive textures to the ViT backbone. Because DINOv2
features are largely appearance-agnostic and sensitive to
both geometrical and semantic cues, the same descriptor
(DINOv2) that matches natural images across viewpoints
and illumination changes, also has the potential to match
DEM tiles across traversal direction.

This compatibility allows us to use AnyLoc directly
on the DEM domain: DEM for both tiles and query chips
are passed through the same DINOv2 encoder. The result-
ing descriptors provide robust correspondences in both
indoor and outdoor trajectories, serving as candidates for
a visual place recognition using retrieval technique.

A6. Choice of Sim(3) for Back-end Optimisa-
tion
Let each VGGT-SLAM++ submap be represented by
camera poses {T(i)

w←c}i and dense point maps {P (i)}i ⊂
R3 as outputted by VGGT [35], all expressed in a com-
mon but unknown metric scale. In a purely projective
formulation, one would relate two submaps via a 4× 4
projective warp H ∈ SL(4) [15],

H ∈ SL(4) = {H ∈ R4×4 : det(H) = 1} (31)

which can encode non-uniform scaling, shear, and gen-
eral projective skew. In the classical setting, this is
needed because monocular reconstructions are projec-
tively ambiguous: points x, x′ ∈ P3 satisfy x̃′ ∼ Hx̃ and
H is estimated from a homogeneous system Ah = 0,
h = vec(H), by taking the right singular vector of A
associated with the smallest singular value [30].

In VGGT–SLAM++, this level of freedom is both un-
necessary and harmful. The frontend explicitly enforces
parallax: keyframes are selected only when their dispar-
ity [17] exceeds a threshold, so successive submaps are
linked by viewpoints with a non-trivial baseline. Hence
the regime where pure projective ambiguity is severe (ex-
tremely small baselines [11], near-planar scenes) gets in-
herently avoided. So solving for the 7 degrees of freedom
is sufficiently okay for an affine solution, as projective
ambiguity hardly creeps in due to the chosen setting as
discussed.

By restricting the backend to Sim(3) [13], we in-
stead solve a well-posed, over-constrained problem on
a 7-dimensional Lie group [22]. The parameter vector
ξ ∈ R7 in Sim(3) directly encodes observable quanti-
ties, so the associated Jacobian [25] has a small, well-
understood gauge nullspace and a spectrum whose domi-
nant directions correspond to real geometric corrections.
Intuitively, accumulated error over 7 meaningful degrees
of freedom is far easier to stabilise than over 15 largely
redundant ones in SL(4) [7, 15] optimisation problem.

SL(4) did not converge in long KITTI and EuRoC se-
quences evident in the tables 1 from main paper (KITTI)
and 1 (EuRoC). Empirically, Sim(3) based back-end,
yields substantially less drift and robust convergence on
all KITTI and EuRoC trajectories, providing both physi-
cal and numerical justification for choosing Sim(3) over
SL(4) in VGGT-SLAM++.
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