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Abstract

VGGT [27] reconstructs the 3D point maps of most
scenes accurately but degrades on the grayscale, low-
texture, high-contrast images typical of construction sites.
We study the factors driving this degradation and provide
interventions that reduce reconstruction error without fur-
ther training on new images and without supplying LiDAR
as model input. We decouple the reconstruction effort into
a camera-pose problem and a depth one. For pose, we de-
sign and train from scratch a side network that conditions
VGGT’s camera tokens on inertial measurements through
cross-attention and regresses 6-DOF poses. This removes
VGGT’s catastrophic failure on the peripheral cameras and
drives relative translation error (RTE) to 3 cm, well below
the 13.2 cm of an IMU-only baseline, though that base-
line attains the lower relative rotation error (RRE) of 1.7◦

against our mean 7.6◦, a gap we attribute to the injection
point of our intervention rather than the inertial signal. For
depth, we implement BetterDepth [8], a diffusion method
that refines coarse depth maps, which lowers per-frame
Chamfer L2 from VGGT’s 0.98m2 to 0.75m2. We report
this as promising rather than conclusive evidence since our
synthesized ground-truth surrogate carries apparent resid-
ual artifacts that bound how far the diffusion refiner can be
trusted.

1. Introduction

Digital twins of active construction sites are necessary
to support schedule management, operational hazard mon-
itoring, cost optimization, and other functions. At the core
of any such twin is an accurate representation of the site
geometry, typically a reconstructed point cloud.

VGGT reframes how this reconstruction is performed:
its multi-task learning objective enables it to jointly in-
fer camera parameters, depth maps, point maps and 3D
point tracks in a single forward pass. In comparison to
classical methods which relied on long optimization pro-
cesses, VGGT dramatically decreases this reconstruction
time, paving the way for new applications in AR/VR,
Robotics, Localization and Mapping.

Yet despite its strong multi-task performance, VGGT de-
grades on samples that deviate from its training dataset. Ac-
tive construction site datasets are a prime example: they are
characterized by lack of visual features and colors, which
together prevent VGGT from accurately registering corre-
spondences across multiple views, consequently leading to
poorly generated poses. Additionally, the monocular depth
maps generated by VGGT suffer from a smoothing effect
that destroys the fine-grained details required for accurate
point-cloud reconstruction.

These limitations motivate us to seek methods that can
reduce VGGT reconstruction error, without finetuning on
construction site images, and without supplying depth cues
(LiDAR) as input. We break down the reconstruction prob-
lem into two subproblems, and define individual interven-
tion for each as follows:

Poses accuracy: The input is a set of images and their
cameras’ accompanying inertial measurements. We build
a fusion adapter composed of an IMU embedding mecha-
nism, and a series of Transformer Encoders/Decoders that
together query VGGT camera tokens and use our IMU
keys/values to output new pose estimates as quaternions
and translation vectors. We finally convert these vectors to
SE(3) matrices for visualization and evaluation.

Depth quality: The input is a set of images, which we
process in two networks: a frozen VGGT produces coarse
depth maps, which a refiner (BetterDepth) enhances using
conditional latent diffusion, to output refined depth maps.

1.1. VGGT Background

Traditional 3D reconstruction is a multi-step pipeline
composed of feature extraction, feature matching, iterative
optimization, and monocular depth estimation. Each stage
defines a self-contained objective, and chaining them accu-
mulates both complexity and computational cost.

VGGT reduces this pipeline to a single forward pass. Its
input is a set of S uncalibrated RGB images I ∈ R3×H×W

that together observe the same scene from C cameras.
VGGT maps each image Ii to four outputs:

Camera parameters gi = (q,p, f) ∈ R9, the concate-
nation of a quaternion q ∈ R4, a translation p ∈ R3, and
a field of view f ∈ R2. VGGT places the principal point
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at the image center, so gi fully describes the i-th camera’s
extrinsics and intrinsics. Note that gi is a 9-vector, not an
element of SE(3); the corresponding pose Ti ∈ SE(3) is
recovered by mapping q to a rotation matrix.

Depth maps, which assigns each pixel y a depth
Di(y) ∈ R+ as seen from the i-th camera. A DPT [18]
(Dense Prediction Transformer) head decodes multi-scale
features from layers 4, 11, 17 and 23 into depth maps and
confidence scores.

Point maps, which assigns each pixel y a 3D point
Pi(y) ∈ R3 in the coordinate system of the first camera,
taken as the world reference frame.

Keypoint tracking, which is delegated to a separate Co-
Tracker [7] head. It is trained jointly with VGGT but is
omitted from our project since our point cloud is assembled
by unprojecting depth using (Eq. 1); and this head’s output
vectors provide neither pose nor depth information.

Each image is turned to patches then tokenized through
a DINOv2 [13] backbone, then appended with a per-image
camera token. The tokens pass through 24 stages of self-
attention, alternating frame-wise attention (tokens of the
same image) and global attention (all tokens of all images)
at each stage. These representations are then routed to pre-
diction heads according to their type: camera tokens down-
sampled to g ∈ R9 by four layers, while dense outputs
(depth maps, point clouds, tracking maps) are produced by
a DPT head over the image tokens. Additionally, the DPT
head outputs confidence masks. VGGT is trained end-to-
end with a multi-task regression loss on large posed multi-
view datasets, real and synthetic, composed of images and
scale-invariant depth.

1.2. Problem definition

A point cloud that has been reconstructed from multiple
monocular depth maps is only as accurate as (a) the cam-
era poses that register the depth maps into a common world
frame, (b) the quality of the depth maps that place geome-
try along each ray, and (c) the scale of these depth maps in
absolute units.

We focus on the first two aspects and treat each as a sep-
arate subproblem. The decoupling allows us to uniquely
define the features we compute, the layers we intervene on,
and the learning objective.

• Camera pose: We build an inertial odometry encoder
that embeds IMU samples into a feature that describes
the rig’s displacement and change in orientation over a
window of frames. Because inertial measurements de-
pend on motion rather than scene appearance, this fea-
ture carries pose information regardless of visual cues;
we inject it into the latent space of VGGT’s camera
tokens and read out per-camera R7 vectors, which we
transform to a 6-DOF pose representation. The task we
set is to reduce relative rotation and translation errors

(RRE/RTE).
• Depth maps: For a pixel y in view (t, c) with depth
D(t,c)(y), intrinsics Kc, and extrinsics (R(t,c),p(t,c)),
the back-projected world point is:

X(t,c)(y) = R⊤
(t,c)

(
D(t,c)(y)K

−1
c ỹ − p(t,c)

)
, (1)

where ỹ is the homogeneous pixel coordinate [25].
The task we set is to reduce the Chamfer L2 distance
of the generated depth maps.

2. Related Work
3D reconstruction is classically performed by

Structure-from-Motion pipelines such as COLMAP [24],
which rely on iterative optimization to arrange point
positions and camera poses simultaneously. Recent
advancements in deep learning have introduced models
that can perform 3D reconstruction in a single forward
pass. This feed-forward approach (colloquially known
as 3R) was pioneered by DUSt3R [30], which predicts
dense 3D point maps from image pairs. MASt3R [11]
improved dense correspondence and presented a strategy
that can handle thousands of images. These models have
culminated in VGGT, which employs a single transformer
architecture to compute a multi-task objective (1.1) to
recover 3D attributes in a single pass.

LiDAR-VGGT [28] extends VGGT by fusing LiDAR
geometry at inference to correct scale and pose failures in
difficult scenes. It is the closest prior work to ours, though
it relies on LiDAR as a model input, whereas our work only
uses images and IMU samples.

Fisheye3R [4] proposes an adaptation framework that
can extend VGGT to fisheye imagery while remaining back-
wards compatible. This strategy is not accompanied by an
implementation and was one of our initial project consid-
erations, but required large-scale data and compute, which
were difficult to secure.

Visual Inertial Odometry estimates a camera’s tra-
jectory from image sequences and inertial measurements.
Classical VIO solutions such as VINS-Mono [16] pre-
integrate measurements between keyframes to produce rel-
ative motion constraints, which are usually used in an opti-
mization problem in SLAM solutions.

Although VIO has undergone a rapid evolution driven
by feed-forward networks, none of the major 3R mod-
els (VGGT [27], DUSt3R [30], MASt3R [11], π3 [31],
CUT3R [29], Fast3R [32]) incorporate inertial measure-
ments, except for MASt3R-Fusion [35], which integrates
MASt3R’s point map regression with IMU and GNSS data
in a tightly coupled factor graph SLAM. Our work evalu-
ates the addition of an IMU encoder that produces tokens
integrated into the visual transformer via cross-attention.
Unlike MASt3R-Fusion, our work does not rely on pose
graphs.
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Point cloud registration is a set of methods that esti-
mate the rigid transform that best aligns two sets of 3D
points. RANSAC [5] provides a robust framework for es-
timating this transform in the presence of outliers by itera-
tively fitting a model to random subsets of correspondences.
ICP [1] then refines the alignment by iteratively mini-
mizing point-to-point distances between the two clouds.
KISS-ICP [26] introduced a method that simplifies this
pipeline into a minimal, robust formulation that works re-
liably across sensor types and environments without per-
dataset tuning, making it well suited for the LiDAR se-
quences in our dataset.

Monocular depth estimation is the attempt to pre-
dict an image’s pixel depth by relying on a single view.
MiDaS [19] introduced affine-invariant depth training to
handle scale ambiguity across datasets, enabling models
to generalize to new scenes without metric supervision.
DepthAnything [33] builds on this foundation and scales
it to large unlabeled datasets, producing relative depth
maps that are accurate in structure but lack metric scale.
UniDepth [15] addresses this by conditioning on camera in-
trinsics, allowing it to predict metric depth directly from a
single image.

DPT established the use of vision transformers for this
task, producing dense depth predictions by aggregating fea-
tures across multiple scales. Since VGGT employs DPT, it
produces depth maps that exhibit similar limitations, such
as scale-invariance and blurred depth boundaries.

BetterDepth [8] is a diffusion-based depth enhancement
approach that refines existing depth predictions. It’s a con-
ditional latent model that takes a coarse depth prediction
from any feed-forward network and refines it via itera-
tive denoising, which produces sharper edges and better
fine-grained structure. BetterDepth is a strategy built on
Marigold [9], which leverages the rich visual knowledge
stored in Stable Diffusion [21] to enhance depth maps.

3. Data
The Hilti 2023 SLAM Challenge dataset [12] bench-

marks SLAM in construction sites and exposes difficul-
ties rarely seen in the curated scenes that dominate public
benchmarks. It contains video key frames of building inte-
riors during active construction; dominated by concrete and
plasterboard with repetitive, texture-less, visually ambigu-
ous structure; lighting is uneven and poor with many high-
contrast regions; and the frames are monochrome. These
characteristics make the Hilti dataset perfect for the study
of enhancing pose and depth estimates in the absence of
high-fidelity image sources.

The dataset comprises twelve sessions collected at three
sites, each recorded from a handheld rig carried by an oper-
ator through the work zone. The rig integrates five global-
shutter, monochrome fisheye cameras, an embedded 6-DOF

IMU, alongside a LiDAR 360◦ sensor. The devices’ clocks
are hardware-synchronized but they run at different rates
and their timestamps never coincide: the IMU streams at
399.38 Hz, the LiDAR at 10 Hz, and the cameras at 40 Hz.
Per-sample timing deviation is negligible for the IMU and
cameras (σIMU = 0.0048 ms, σcamera = 0.0003 ms) and
larger for the LiDAR (σLiDAR = 0.12082 ms), which we
found correlates with sudden jerks. We’ve opted to disre-
gard this correlation in an attempt not to leak LiDAR data
to our input.

Each session is recorded in a ROS 1 Noetic bag file com-
posed of timestamped messages across the seven sensor top-
ics, which we extract to disk. Calibration files are also
provided and contain information about camera intrinsics,
lens distortion coefficients, and device-to-rig-origin trans-
forms. In total, the twelve sessions amount to ≈ 33 min-
utes of data: 520,000 images (H=540,W=720), 780,000
IMU samples, and 20,000 LiDAR sweeps. We split the total
dataset to 80% training, 20% validation, and keep the data
time-ordered.

3.1. Preprocessing

Images: VGGT was trained on perspective images and
therefore degrades on Hilti’s wide field-of-view ones. We
therefore undistort the images to rectilinear pinhole view-
points and accept the loss of peripheral coverage. We dupli-
cate the single monochromatic channel to RGB, apply stan-
dard ImageNet normalization, and center-crop each image
to H ′=532,W ′=714.

Since the rig is handheld and the data is acquired at active
construction sites, we implemented a pipeline to detect and
remove humans from images and their accompanying point
clouds in LiDAR. We used a two-stage human-presence fil-
tering pipeline. First, Grounded-SAM2 [20] was applied to
the camera images with prompts for people, limbs, helmets,
and safety vests to produce a binary human mask with a 4-
pixel boundary. Then, using the camera-to-LiDAR transfor-
mation matrix, we project the LiDAR points into the camera
frames and remove points inside the corresponding masks.
Manual inspection of the sequence images reveals the only
dynamic objects in the scene are construction workers (see
Fig. 9).

IMU: We estimate the gyro bias and gravity vector from
the first session’s stationary period (≈ 10s) and subtract
them, rotate samples into the cam0 frame via the provided
extrinsics, and standardize each channel using µ, σ calcu-
lated once from the training split.

LiDAR preprocessing: We pre-process LiDAR twice to
support the requirements of each subproblem as follows:

a. Pose supervision from LiDAR: Supervising the
pose estimation network requires a camera-to-world pose
T ∗
(t,c) ∈ SE(3) for every camera c at each frame timestamp

τt, which we derive from the LiDAR in two stages. (a) We
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calculate the relative transform ∆T ∈ SE(3) between con-
secutive LiDAR sweeps by point-cloud registration: scans
are voxel-downsampled, described with FPFH [22] fea-
tures, coarsely aligned by RANSAC over mutually filtered
correspondences, and refined by point-to-point ICP. Each
∆T is cached once and reused across overlapping windows.
(b) We interpolate new relative transforms of the transla-
tion vector p linearly and the rotation matrix R by SLERP
along the SO(3) geodesic so the result stays on the mani-
fold. We finally rebase the LiDAR-interpolated motion onto
each camera coordinate by chaining back to cam0.

b. Dense point maps for depth estimation: Similar
to the previous section, we pre-process the LiDAR point
clouds using point cloud registration to create a global point
cloud of the construction site. For each camera timestamp
t, we collect the 20 LiDAR sweeps preceding the times-
tamp as well as 20 succeeding it. We use RANSAC and
ICP to build an aggregate point cloud that covers a range
of 40 sweeps, centered around the sweep closest in time to
the camera frame. We tessellate the resulting point cloud to
generate approximate surface normals, and rely on a simple
ray cast renderer to determine occlusions. We delete the oc-
cluded points and rasterize the remaining ones to generate a
synthetic depth map.

4. Methods
We freeze VGGT and cache to disk the feature represen-

tations of the Hilti images, which we further process twice
to address each subproblem individually. Although differ-
ent architecturally, each method follows the same recipe:
After the initial network is built, we evaluate its capacity
to overfit, followed by a search for optimal hyperparam-
eter settings. After training, we input invalid and out-of-
distribution tensors to the networks (e.g. all zeros, noisy
IMUs, noisy depth maps) to evaluate the network’s re-
sponse. We log quantitative training artifacts using a mix
of tensorboard and WandB, and qualitative ones (e.g. depth
maps, confidence scores of pre-selected evaluation samples)
on disk to inform our experiments. Each network is trained
individually.

4.1. IMU cross-attention fusion adapter

During pre-processing, we built a camera-to-world trans-
form T(t,c) for every camera c ∈ {0, . . . , C−1}, C = 5, at
each frame t ∈ {1, . . . , n} of an n-frame window (n=4).
Using our initial settings, this represents a total of 20 im-
ages taken by 5 cameras per training sample. We anchor
this window so that the origin is cam0 at the first frame,
T(1,0) = I, and predict the remaining poses. We task the
network to generate (n · C) − 1 poses. We represent poses
as a R7 vector of a 6-DOF pose composed of a quaternion
and a translation vector to support our multi-task loss func-
tion.

Tokenization: We build a side network fθ, which is
an adapter that conditions frozen VGGT camera tokens
on inertial embeddings via cross-attention and outputs per-
camera poses (Fig. 1). Its inputs are:

• The VGGT camera token h(t,c) ∈ Rdvggt , one per cam-
era per frame (n · C tokens total), with dvggt=2048;

• The IMU sequence ut ∈ RK×6, where K is a hy-
perparameter that defines the number of IMU samples
preceding an image. We set K=40 which provides
100 ms of accelerometer/gyroscope readings preced-
ing τt. The IMU is rig-mounted, so a single ut matrix
is shared by all C cameras of a frame.

We tokenize ut in two complementary ways, both pro-
jecting into the IMU embedding space dimu=512 (chosen
after hyperparameter search):

• Segment tokens. Rather than train on the raw stream,
we split the ordered K samples into M=8 contigu-
ous chunks of K/M samples, flatten each R(K/M)×6

chunk, and map it with a shared two-layer MLP to a
token zm ∈ Rdimu , m ∈ {1, . . . ,M}.

• Pre-integration token. Inspired by VINS-Mono, we
summarize the net motion over the window into a
single vector zpre ∈ Rdimu . We experiment with a
two-layers 1D CNN (kernel 3, dilations 1, 2) over the
(K, 6) stream followed by global average pooling and
a linear projection, and with 2× Transformer blocks
where we use a [CLS] token, as done in BERT [2] and
ViT [3] to aggregate the sequence’s tokens into a single
feature.

Inertial memory encoder: We stack the two outputs
above into a matrix we call the inertial memory Zt =
[z1; . . . ; zM ; zpre

M+1] ∈ R(M+1)×dimu and encode it with a
self-attending Transformer E (2 blocks, 8 heads, FFN width
4·dimu). Attention is restricted to a single session’s IMU set,
so Zt never mixes inertial content across sessions.

IMU-conditioned camera token decoder: We project
each image’s inferred VGGT-camera token to the side di-
mension dimu using a single-layer MLP and use it as the
query of a cross-attention decoder D (2 pre-norm blocks)
whose keys and values are the encoded inertial tokens
E(Zt). An individual session’s inertial context u conditions
all C camera queries, and each camera’s query determines
how that shared motion evidence corrects its own pose.

Pose head: A four-layer MLP head Rdimu → R7 maps
the conditioned token to a raw 7-vector; its first four en-
tries are ℓ2-normalized to a unit quaternion q(t,c) and the
last three are the translation p(t,c), which together define
T(t,c). We considered inputting the inertial features at ev-
ery one of VGGT’s 24 stages (akin to a ’ladder’ decoder)
rather than only at the final tokens, but kept the single-tap
design, which trains an order of magnitude faster and leaves
VGGT’s forward pass untouched and cacheable.

Uncertainty-aware multi-task loss: Translation and ro-
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Figure 1: Pose estimation network (Side Network) implementation

tation live in different units; we therefore supervise them
separately and balance them by learned homoscedastic un-
certainty [10] rather than a hand-tuned weight. For each
non-anchor pose, we use the quaternion geodesic angle and
the Euclidean translation error:

Lrot = 2arccos
(
|⟨q(t,c), q∗(t,c)⟩|

)
(2)

Ltrans = ∥p(t,c) − p∗(t,c)∥2 (3)

where q∗(t,c)and p∗(t,c) are the ground-truth pose T ∗
(t,c) and

the anchor (1, 0) is excluded. The loss function forces to
learn per-task log-variances sr, st (initialized at 0):

Ltotal = e−sr Lrot + sr + e−st Ltrans + st (4)

The exponent’s negative signs force a high-uncertainty
task to be down-weighted. The addition terms +s{t,r} act as
regularization terms: they are added to prevent the network
from selecting very large values of sr, st in a bid to drive
the loss to values near zero.

Rig Constraints: We do not provide the model with
any prior about the rig’s constraints, except for forcing the
model to anchor its results so that the predicted transforma-
tion of the first shot taken by the first camera is I4, according
to how VGGT works, which explains why our task is to pre-
dict (n ·C)−1 poses, not (n ·C). We do this by subtracting
p̂(1,0) from all predicted translation vectors p̂. Therefore,
VGGT is unaware of the relationship between the cameras,
and treats the n · C images as if they were taken using the
same camera at different positions.

4.2. Depth Maps enhancements

To enhance the depth maps generated by VGGT,
we implement BetterDepth by following their strat-
egy (Fig. 2). We base our work on existing Marigold

checkpoints which we retrieve from Huggingface
(prs-eth/marigold-depth-v1-1) and train
the network on the Hilti data. We select the learning rate
and schedule from the sweep reported in Sec. 5.

BetterDepth refines a coarse depth prediction (the
VGGT-produced depth map) with a latent-diffusion model:
a frozen Stable Diffusion VAE encoder encodes the image,
the coarse depth map, and the ground-truth depth into la-
tents zr, zc, z0 respectively, and a U-Net is trained to de-
noise the target latent while conditioned on zr and zc. We
freeze the VAE and use CLIP [17] to encode an empty
prompt. We condition on the frozen VGGT depth as the
coarse input, so the refiner stays an adapter outside the back-
bone, similar in spirit to the IMU side network. Because
VGGT depth is relative, we rescale it to metric units by the
median Dgt/Dvggt over the training split.

The U-Net consumes 8 latent channels [ zr | zt ]; we
widen its first convolution to 12 channels [ zr | zc | zt ] to
admit the coarse depth. Since the convolution is linear in its
channels, we keep the pretrained behavior at initialization
by copying the image and noise weights into the slots that
receive image and noise data and zero-initializing the new
4 : 8 channels, so the coarse latent contributes nothing un-
til training adapts it. This is the zero-initialization used by
ControlNet [34]. We ablate this choice against Xavier [6].
We adopt zero-initialization, as it allows refinement to be-
gin from VGGT’s depth rather than a corrupted one, and it
is the setting we use. We train only the U-Net, with a v-
prediction loss [23], and globally pre-align the coarse depth
to the ground truth by a per-frame scale and shift before nor-
malization. We treat each image as an independent monoc-
ular problem (discarding the synchronized camera frames
and only consuming each image individually) and hold the
poses fixed.
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Figure 2: BetterDepth Implementation highlighting the network architecture and qualitative result for a single sample. More
results can be found in Fig. 6.

Figure 3: Rig trajectory of a random sample in the val-
idation set. 3D and side (XZ) view. Legend solid = GT.
dashed = predicted using side-Network (VGGT+IMU). ⋆ =
anchor (cam0, frame0).

5. Experiments

5.1. Inertial-based pose adjustment

We organize our pose experiments around two questions
that follow from the decoupling mentioned in the problem
section. First, does conditioning frozen VGGT camera to-
kens on inertial evidence repair the poses VGGT predicts
on its own? Second, how much of the pose can inertial data
recover with no visual backbone at all?

To answer these questions, we run two sets of experi-
ments. First, we freeze VGGT, train the side network on
our training set for nine epochs with AdamW with a cosine
scheduler that warms up for 500 steps and a learning rate
of 10−4. We then evaluate on the held-out set of site1 com-
posed of 171 time-ordered windows (n = 4, C = 5), IMU

buckets K = 40, spanning 100 ms.
We observe a bimodal failure in VGGT’s rotation: cam0

and cam1 have initial estimates close to ground truth, but
the 3 remaining cameras do not. VGGT’s training recipe is
order invariant: temporal position of frames is never taken
into consideration during training, nor is the model aware of
multi-camera setups. A single VGGT inference job should
only contain images of the same dimensions, taken by a
camera with consistent intrinsics.

On the forward-facing camera cam0 the initial rotation
error is 0.76◦ and on its stereo partner cam1 it is 6.16◦,
while on the three peripheral cameras (cam2 up, cam3

right, cam4 left) it exceeds 100◦. The two forward cam-
eras share a field of view and give VGGT the correspon-
dences required for epipolar geometry, whereas the periph-
eral cameras observe disjoint surfaces and leave their orien-
tation effectively unconstrained, especially due to our pre-
processing method which involved un-distorting the fisheye
images. We validated the absence of meaningful trackable
features by querying the tracker head for pixel pairs across
pixels in different cameras, and found no visual correla-
tion when any of the cameras cam2,3,4’s pixels are queried
against cam0,1. Conditioning the camera tokens on inertial
evidence lowers the mean error on those three cameras into
the 9–14◦ range and holds the forward pair near 1.2◦. The
side network which conditions the camera tokens achieves a
mean RRE of 7.63◦ across all cameras. Per-camera results
are provided in Table 1.

We find that the improvement introduced by the IMU
side network is attributed to several factors, such as the
data imbalance (with only a few high acceleration / sharp
turn windows) making it effective to regress to the mean.
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Figure 4: Validation results of the side network. Left:
Rotation error across all cameras in degrees. Center: Ro-
tation error for cam3 in degrees (different scale). Right:
Translation error across all cameras in meters. X axis = val-
idation step

cam0 cam1 cam2 cam3 cam4

VGGT 0.76 6.16 119.71 102.84 102.01
Ours 1.17 1.22 9.47 12.50 13.79
VGGT 0.022 0.104 0.835 0.186 0.395
Ours 0.036 0.028 0.032 0.030 0.029

Table 1: Side Network per-camera mean RRE (upper sec-
tion) and RTE (lower section) on the validation set. VGGT
exceeds 100◦ on the three peripheral cameras (cam2–
cam4).

This symptom was clear in our analysis where we found the
per-camera standard deviation on cam2,3,4 remains 33-42◦,
where the large motions are the ones our network misses.
Additionally, translation flattens to a near-uniform ≈ 3 cm
across all five cameras, with a validation translation error
settling at 3.1-3.6 cm within few epochs without subsequent
movement. That value coincides with the precision of the
interpolated ground truth, therefore the network has con-
verged to the window-mean displacement to within what the
supervision can resolve (see Fig. 3). Plotting ||tgt|| against
||tpred|| reveals this symptom, and highlights the network’s
inability to identify the rare occurrences that deviate from
the mean. Therefore, we believe the network is simply over-
fitting, and the 3 cm residual error is a description of the su-
pervision’s resolution rather than a demonstrated property
of the model (see Fig. 7).

Consistent with a single task loss, the homoscedastic
weights stay symmetric throughout (e−sr ≈ e−st ≈ 1.46),
so the objective never re-prioritizes one task over the other.

We finally remove the visual backbone altogether and
ask how far inertial data alone carries the pose. We train
our side network by disconnecting it from VGGT, where
we simply remove the decoder, and double the amount of
encoder blocks, resulting in a network that purely processes
IMU samples and produces poses, without relying on vi-
sual cues of any sort. The results are described in Table 2.
This IMU-only network reaches a validation rotation er-
ror of 1.70◦, below VGGT’s peripheral-camera errors and

Side network Backbone-free
(VGGT + cross-attn) (IMU-only)

Uses VGGT yes no
Val RRE (◦) 7.63 1.70
Val RTE (m) 0.032 0.132

Table 2: Inertial encoders comparison. The backbone-free
predictor attains the lower rotation error but the highest
translation error.

the 7.6◦ of the token-conditioning network, making it bet-
ter performing for the rotation task for the side cameras.
Translation does not follow: the validation RTE stays near
0.13 m, and drifts upward over training 0.126→0.132m.

5.2. Reconstruction error attribution
We ran a no-training attribution experiment to ask where

the residual Chamfer-L2 error actually lives. Let C(P,Q)
denote the symmetric voxel Chamfer distance (voxel size
v = 0.05 m) between a predicted cloud P and the interpo-
lated ground truth Q:

C(P,Q) =
1

|P|
∑
p∈P

min
q∈Q

∥p− q∥2 + 1

|Q|
∑
q∈Q

min
p∈P

∥q− p∥2 (5)

To isolate the pose contribution we hold VGGT’s depth
fixed and substitute its predicted poses with our interpolated
ground-truth poses, defining:

χvggt = C
(
P(Dvggt, ĝvggt), Q

)
(6)

χfloor = C
(
P(Dvggt, ggt), Q

)
(7)

so that χfloor is the best Chamfer-L2 distance attainable from
VGGT depth with perfect poses (projected from ground
truth poses). This acts as a depth-limited floor, and en-
ables us to calculate χvggt − χfloor, which is the entire pose-
attributable error. We evaluate over an 80-window subsam-
ple of the time-ordered validation split.

The results highlight the weight depth maps have on
point map reconstruction. Substituting perfect poses low-
ers mean Chamfer-L2 only from χvggt = 52.54 to χfloor =
50.75, a gap of 3.4%. The remaining 96.6% are attributed
to depth. This explains the muted reconstruction response
when attempting to solve pose alone.

We note that full scene point-cloud Chamfer distance can
be difficult to interpret for monocular depth given that one
camera can only observe a small part of the LiDAR sweep.
Therefore, we performed a full-scene depth oracle experi-
ment as a diagnosis rather than a final depth solution.

In this diagnosis, camera poses were fixed to LiDAR-
derived GT trajectory and only depth map used for backpro-
jection was varied. For the scale sweep, each VGGT depth
map D is replaced with D′ = λD before backprojection.
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For each variant, we reconstructed point clouds from pre-
dicted depth maps and compared them against LiDAR ref-
erences using Chamfer-L2 and F-score@0.1. Per window
visualizations showed that Chamfer values can hide differ-
ent failure modes by having over-extended predicted clouds
that may reduce nearest-neighbor distance to LiDAR points
without matching to the room geometry.

5.3. Diffusion-refined depth maps

Trained refinement on synthetic GT: We train the Bet-
terDepth U-Net on our synthetic dense depth with the frozen
VGGT depth as the source coarse condition. We add 4
channels to the U-Net to accommodate the VGGT-produced
depth map zc, and experiment with different initializations.
We found Xavier adds noise into the conditioning path from
the first step, and the refiner degrades VGGT’s depth; zero-
initializing them starts refinement from the pretrained prior,
after which training improves the depth instead of destroy-
ing it. We therefore settle to zero these channels at the start,
and sweep the learning rate {5×10−7, 10−6, 2×10−6} and
the scheduler (constant vs. cosine). We observe that every
run lowers the loss: the per-epoch v-prediction objective
falls from ≈ 0.32 to ≈ 0.24 over 14 epochs, and our held-
out BetterDepth chamfer-L2 metric trends downward from
the untrained value of 0.977 to a best of 0.75 at lr = 2×10−6

(−23%). Using a cosine scheduler and smaller learning rate
both underperformed (Fig. 5).

These reductions indicate the efficacy of BetterDepth,
but in our case are measured against an imperfect target: our
supervision is rasterized from registered LiDAR and still
carries reconstruction artifacts: occlusion-culling residue
and near-blob “dark spots” which our pipeline suppresses
but does not eliminate (see Fig. 6 for examples). A re-
finer trained to match this target necessarily learns part of
its artifacts, which is why we report the loss reductions as
evidence that diffusion-based refinement is a promising di-
rection for VGGT depth on Hilti, not as a demonstration
of metrically improved depth. We believe this question
can only be settled with a dataset that supplies true RGB-
D ground truth, or a better synthesis process. We explore
recovering the value of the residual scaler λ by building a
small MLP which we define in Sec. 5.4.

5.4. Recovering scale through residual refinement

To further increase depth accuracy, we explored whether
we could learn a depth scale factor from the Hilti im-
ages. For each cam0 frame, we align VGGT depth to
the camera-visible LiDAR depth and train a small resid-
ual MLP, with sparse LiDAR supervision during training,
to predict the corrections of VGGT depth. This is done
using only image and VGGT-derived features like pixel
location, aligned VGGT depth, image intensity, and lo-
cal image-depth gradients. We experimented with training

Figure 5: BetterDepth training sweep. (a) Held-out depth-
evaluation error vs. training step; all runs fall below the un-
trained baseline (horizontal dashed, 0.977). (b) Per-epoch
v-prediction loss; although every configuration converges,
we aborted training due to the issues our synthesized ground
truth surrogate introduced (see Fig. 6).

a small MLP with a single hidden layer on cam0 frames
from site1 handheld 1 and evaluated on 20 held-out
frames. We swept small MLP variants over hidden di-
mension and learning rate, comparing against simpler ridge
residual baselines. All residual MLPs improved over the
aligned baseline VGGT. The best result was with the 256-
dimensional hidden layer and the learning rate 10−3. This
residual refiner reduced the MAE from 2.48m to 2.28m,
AbsRel from 0.286 to 0.246, and RMSE from 5.95m to
5.73m. MAE was improved in 16/20 held-out frames.
The modest gains by the residual refiner suggest that Hilti-
specific training can correct part of VGGT’s depth error (see
Fig. 8 for more details).

6. Conclusion
Conditioning frozen camera tokens on inertial evidence

does remove VGGT’s bimodal failure and reduces periph-
eral cameras errors dramatically, but the gain reflects the
supervision and the network regresses to window-mean
motion, missing the rare high-acceleration windows. The
backbone-free variant attains a lower rotation error, which
since both networks share the same objective isolates the
injection point and suggests that late cross-attention into
frozen camera tokens is the wrong place to inject inertial
evidence.

The majority of the error comes from depth, which
BetterDepth lowered across every ablation we ran; we stop
short of calling this conclusive only because our synthetic
supervision carries rasterization artifacts that BetterDepth
partly learns. An inertial fusion adapter trained at earlier
layers in tandem with VGGT’s training objective would
have permitted ablations to validate the token’s expressivity
(in terms of supporting other VGGT features), hence early
fusion strategies would have been preferred. We expect that
operating on the fisheye imagery, training on more inertial
data, and better RGB-D ground truths would have prevented
the failures we observed.
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7. Contributions & Acknowledgements

E.T. developed the ROS extraction tools, and devel-
oped, trained and evaluated the IMU-camera fusion net-
work, the barebone IMU network, and the BetterDepth
U-Net network. He also authored this report.

Z.G. defined the early project direction and suggested
the dataset. She developed the dataloader, including the
RANSAC+ICP pose pipeline, fisheye undistortion, point
cloud registration mechanisms, and window design, along
with visualization tools. She contributed to experiments and
evaluations, authored the related work section, and built the
poster.

T.G. developed the human-presence pipeline, LiDAR fil-
tering pipeline, and conducted exploratory depth and re-
construction analyses. He developed, trained, and evalu-
ated the LiDAR-supervised residual depth-refinement MLP
(Sec. 5.4). He performed a multi-sweep LiDAR supervision
ablation. He also contributed to experiments, evaluations
and the related work section.

7.1. Generative AI

Throughout the project, the network design and imple-
mentation, the experiment design, research questions, inter-
pretation of what the results meant, as well as authoring of
the report remained the team’s own original work.

We used a mix of Claude Opus 4.7, Opus 4.8, and Chat-
GPT 5.5 to increase our productivity across three areas:

• Conversational: to build deeper understanding and
check reasoning. These conversations were used to
develop intuition for unfamiliar topics related to multi-
view geometry, fisheye imagery, point cloud registra-
tion, loss-specific questions (inquiring about negative
loss in Kendall, and about convergence/divergence of
task weights), as well as infrastructure-related matters
such as multi-processing, caching, and LaTEX related
questions.

• Coding agent Helped troubleshoot code we have writ-
ten, such as the implementations of the ROS 1 bag ex-
traction library, IMU bias estimation and correction,
the RANSAC+ICP pose pipeline, Synthetic RGB-D
ground truth tessellation and raycast rendering, the
implementation and evaluation of Grounded-SAM2
image masking, conversion of our initial scripts to
be hyperparameters-sweepable with WandB, logging
and caching features to disk, opencv fisheye undis-
tortion, coordinate-transformation support libraries,
quaternion to SE(3) conversion and vice-versa, and
build some visualization-assisting tools in matplotlib
and open3d.

• Literature Review: We used Feynman [14] solely
to conduct literature review of topics such as ”Feed-
forward 3D reconstruction SOTA”, ”Feed-forward
and VIO latest papers”, ”Review of distillation-based
methods for depth map refinement”.

7.2. Python libraries

Library Version
NumPy 2.4.4
Pandas 2.3.3

PyTorch 2.11.0
VGGT commit: a288dd0
SAM2 commit:2b90b9f
Open3d 0.19.0

OpenCV-python 4.13.0
KISS-ICP 1.3.0

SciPy 1.17.1
PyYAML 6.0.3
TQDM 4.67.3

Transformers 5.5.4
Matplotlib 3.10.8
Rosbags 0.11.3

Table 3: Libraries used in the project
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8. Appendix

Figure 6: Depth maps comparison. The original VGGT
depth maps (2nd col.) have more fidelity to the scene (1st

col.) than our synthesized ground truth (4th column). The
BetterDepth refined results (3rd col.) show the artifacts gen-
erated by our Ground Truth proxy.

Figure 7: Rotation and translation error distribution. Left
Rotation The majority of the relative rotation lie at 0◦, 90◦,
and 120◦ for cam0,1, cam3,4 and cam2 respectively. The
network clearly overfits due to the dominance of stationary
points in the training set and fails to detect sudden varia-
tions. Right Distribution of translation vectors according to
their magnitudes. The network successfully predicts move-
ments up to 0.2 m but fails to capture long-tail, infrequent
changes of up to 0.5 m.

Figure 9: Qualitative human-presence masking, Repre-
sentative original cam2 frames alongside their Grounded-
SAM2 mask overlays. Red regions are human-occupied
pixels used to filter LiDAR points.

Figure 8: Held-out Qualitative results from the Hilti-
specific residual refiner, grayscale input, camera-visible
LiDAR supervision, sparse LiDAR depth, and aligned
VGGT prediction. Bottom: refined depth, error maps, and
per-pixel comparison where green shows improvement and
red indicates degradation. Ground truth here is the sparse
LiDAR reference, with potential calibration errors and oc-
clusions. For this frame, MAE reduces from 1.6m to 1.00m,
and across 20 held-out frames tested, MAE reduces from
2.48m to 2.28m.
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