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Overview on a page

Project refresh M2 High level

e Problem: Feed Forward Network for 3D e Segmentation and masking of humans
reconstruction (VGGT) suffers to reconstruct
point cloud in textureless, B&W environments (i.e.
construction sites/industrial env.)

e GT: Pose estimate relative to previous frame. Interpolated
pose transformation through point cloud registration

. ) ) e Baseline *: Point cloud from COLMAP and VINS-Mono
e Hypothesis: Fusing IMU data enhances the quality

of the reconstructed point cloud. e Root cause analysis: inaccurate camera pose estimates
e Dataset: 12 scenes taken at 3 sites. e Proposed Architecture: Train E2E Transformer E/D that
Scenes are collected from a mobile rig: generates new camera tokens from frozen VGGT, cross
- 5 cams (different orientations, 40 Hz) attending to encoded IMU embeddings +1D Convolution
- IMU (400 Hz) that describes the motion change in an. Use newly learnt
- LiDAR (10 Hz) camera poses to project z-maps into global point cloud
e Evaluation Metric: Chamfer distance e Encoder: QKV: IMU data preceding each image +a

. pre-integration token (learnt by 1D CNN over IMU seq)
e Challenges: B&W, textureless images

Lens distortion e Decoder: Q: VGGT Camera tokens, KV: encoder tokens

Human presence e Out: Pose Estimate (Quaternion + Translation vector)
Different device frequencies

Ground Truth not provided e Loss: multi-task (Geodesic rotation + L2 translation)

weighted by the homoscedastic uncertainty of each task.
* see appendix for more details.



Interpolated from Point Cloud Registration

Data Loader overview

{cam1:5} ~ 40.00Hz
LiDAR = 10.00Hz o= 24.9983
p=100.03, o =1.2082 o = 0.0003

Shots

x 6 DOF IMU = 400Hz
p=2.5039 o =0.0048

I LiDAR sweeps

y . NOt in the dataset. 4100 ms 4200 ms 4300 ms
Interpolated base on point cloud registration (see next slide for more info)
Selecting data for pre-processing: Example data selected
(a) Thedataset isindexed by LiDAR samples: ts(L;4.) dataset = HiltiDataset (undistort=True, n=5)

(b) Aninteger n (hyperparameter) defines the number of AEESeBR

preceding frames to include in the sample. It is a
hyperparameter.

(c) The 6DOF IMU data that coverstherange 1: n+1
(d) Any other LiDAR sweeps within the range

Elts(Lo) Bits(Lio)

The datais then pre-processed
(see Appendix for pre-processing technique)



Ground Truth

But the cameras and LiDAR have different frequencies.

cam_pose = get_spline(shot_ts 176,
cam_idx 0,
relative = True)

Challenge: We need ground truths (point clouds) at images’ timesm

e Solution: Point cloud registration: Due to the
absence of absolute camera poses for most* of the
frames, we use RANSAC/ICP or KissICP between
LiDAR sweeps to extract the relative rotation &
translation. We treat the first frame as world’s origin.

e We planned to infer the trajectory spline by fitting
these sparse representation in a smooth curve to
model the rig’s motion.

e We observed the residuals against 4 known absolute
positioned and found a large cumulative drift of +4
meters, which indicates the unsuitability of an
integrated trajectory model.

e Wewillinitially resort to linear interpolation and
SLERP, but will also evaluate novel methods such as
Pan et al. “Register Any Point: Scaling 3D Point Cloud
Registration by Flow Matching”

Output € R7, contains quaternion ¢ € R*, translation ¢ € R3

Either:
(a)  Fitan SE(3)spline by using the Lie Algebra tangent space
(b) Interpolate translation linearly and rotation SLERP
(c)  Attempt novel point cloud registration such as Pan et al.
“Register Any Point”

RANSAC/ICP RANSAC/ICP

36 ms 136 ms 236 ms




Model: Camera Tokens cross-attending to IMU

a. Freeze VGGT and forward pass the images. f. Cameratokens are passed through MLP to build a vector of
b. IMU are projected into camera token dimensions through MLP quaternion and translation vector for each cam.
c. Apreintegration tokenis produced by 1D CNN & stacked g. Multi task loss (Geodesic rotation + L2 translation) (see next slide)
d. IMU tokens are encoded in 2-3 Transformer blocks. h. We produce new world points by projecting the depth maps from
e. Adecoder queries VGGT's camera tokens and cross attends the newly learnt camera poses. An SE(3) matrix is produced from
them to the IMU representations (Keys/Values). It produces the quaternion and translation. We retrieve field of view from
new camera tokens. VGGT's output vector, which we use to form camera intrinsics.
n Preintegration token (1D CNN)
1
i [ d| < | Multi-task loss
Transformer Transformer = (defined on next
> m Encoder Decoder g slide)
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Forward/Backward pass, loss

We reshape the data, from [n,10,7] to [n, 2, 35]
and project these 2 vectors through a MLP to
generate embeddings. The target dimension is
equivalent to VGGT's camera token

The decoder uses
camera tokens of the
last VGGT layer as
queries, and IMU
tokens as Keys and

We run self-attention
Values

We normalize the IMU samples few times. IMU Newly
(10 samples preceding each image, of tokens only attend to learnt
dimension 6) = [n, 10, 6] other tokens in the camera

We concatenate the timestamp to each. same time period of tokens

25ms. l

embedding stage encoding decoding
[
o Transformer Transformer [ d |
n Encoder Decoder E
—> (2-3 blocks) (2-3 blocks)
O— [ £
o A

N4
1D CNN

A 1D CNN sweeps through the IMU sequence.

It generates a pre-integration embedding that represents the change of
motion. The CNN does not share parameters with the MLP. The
pre-integration embedding is stacked with the IMU ones

The gradient

of the loss does not
propagate back to
VGGT.

Camera tokens are
projectedina 4

layers MLP to
produces a vector € R
a. quaternion ¢ € R*

b. translation ¢ € R®
We normalize gto

unit length vector ¢

VGGT produces camera pose estimate

geR’ g=gtf]

We disregard the quaternion g and the
translationt, and retain the field of view
fe R? which we found to be accurate

(cldfe]]e]

Cam. Tokens

(Last Layer)

Depth maps produced
by VGGT forward
pass of the image

e

8
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z-map

loss

The loss of the pose is the sum of the loss of the rotation and
the loss of the translation.

These vectors have different units, hence we use a
multi-task loss and calculate each individually.

To prevent a task loss from dominating the other in the total
loss, we want to weigh each using parameters, shown
naively below:

1 N
— k.
L= N Z ‘Cgo)se
k=1
Lpose = aLrans + BLrot
The individual loss items are Geodesic rotation and L2 loss:

Lot = arCCOS(‘(élpredy Qgt>|)
Ltrans = ”tpred - tgt”Z

But finding the correct values of parameters @, B will turn
our project into a long hyperparameter search exercise, and
will fail to generalize.

Therefore, en lieu of the naive definition above, we rely on the
approach defined by Kendall et al.

We weigh the two loss functions by considering the
homoscedastic uncertainty of each task.

_ —s; —s,
Lpose = Lirans - €t + St + Lot - €7 + 8¢

52 ~2
where s; =logé;, s, =Ilogé; arelearnablescalars

evaluation

Finally, the VGGT produced depth-maps are reprojected in
the 3D world. The complete global point cloud is assembled by
taking the union of all valid projected 3D points across all
cameras, omitting invalid or missing depth readings.

N
c=U{rPbs
i=1

V(u,v) where d;(u,v) > 0}

We evaluate our global point cloud against the ground truth
proxy by calculating Chamfer Distance:

CD(P,Q) = ¥, pmineollp — 413 + X comingepllg — pli3



Pending design decisions

Open questions

GT proxy: SE(3) Cubic spline drifts.
Alternative approach to consider is windows
Spline, or Linear interpolation.

IMU embedding span: Initially, we group each
5 IMUs into 1 embeddings, but we can explore
other IMU groups (e.g. 2 IMUs per token)
Pre-integration token: 1D CNN in our design,
but we could try a causal Transformer decoder
Ablation experiment: What is the best value
of nimages to use in the net? At what value of
n does performance degrade?

Number of layers (MLP, 1D CNN arch,
Transformers Encoders/Decoders)

Human masking pipeline: Grounding DINO +
SAM2 most promising, but we need to refine
the prompts as some masks are inaccurate.
Loss: We might explore other loss types such
as Huber, Log-cosh, Scale-invariant loss
Prior: We do not initially incorporate prior
knowledge in the model (i.e. the fact we know
the relative rotation and translation of the 5
cameras on the rig), but might consider it.




Status progression. Yellow: WIP, Green: Finalized

M1 M2

Ow>

Model & Data validation (ROS to PNG. IMU data, etc) - Confirmed we can run the models/ have access to data
Exploratory Data Analysis (Validate image distortion/IMU integration/Frequency balance/Fill in GT gaps if needed (Colmap)
Augment GT:

In addition to the provided LiDAR Point clouds, we will also attempt at building a global PC with SfM (Colmap)

And a VIO pipeline (VINS-MONO)

LiDAR runs at a slower refresh rate than cameras (10 Hz vs 40 Hz). We will explore methods to fill the gaps (if deemed
required). Alternatively, we will consider using a batch of 4 sequential images as input + their IMU data to produce 1 LiDAR
point cloud

Find root cause of the issue + Exploration

Vanilla VGG ablation: Quantitative & Qualitative evaluation of VGGT on Hilti data (images only) - Characterize the failure
of VGGT on existing data, comparing point cloud output to LIDAR GT and calculating Chamfer distance. Explore Attention
maps (Hilti vs. VGGT sample dataset) to determine possible source of the construction failure

Perform confidence sweep - (Drop 3D points < X% to find the confidence threshold that results in highest Chamfer distance
scores)

Explore the effect of Multi-view inference

Explore the features generated by Dinov2- If deemed the source of the 3R problem, consider augmenting them using
external sources such as CLIP, FiLM, or fusing IMU data (exploring early/ late fusion, or other techniques discussed in video
understanding).

Explore the effect of camera tokens / Papers such as Fisheye3R enhanced VGGT by modifying the camera tokens only. We
will explore if such a strategy is applicable to our problem statement

Evaluate strategies to resolve the issue

Evaluate early/late fusions (IMU)

Evaluate attaching probes to VGGT (to keep the backbone frozen) vs. (least favourably) re pre-training.
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Appendix

The appendix contains slides we’'ve moved to the back of the presentation, to make the milestone check-in most effective.

1. DataPreparation: we explain the pre-processing techniques we will apply to the data
Baselines: We define the approach to calculate baselines using two techniques (SfM and Visual Inertial Odometry)

Alternative Architectures: During our team discussions, we have prepared two alternative architectures that we
are only listing here to demonstrate our work. We do not intend on implementing these architectures, unless any
future experiment takes us in that direction.
- Architecture 3 is similar to our core architecture, except for the decoder size and structure.
- Inour core architecture, our first decoder block will query the last VGGT camera token layer.
- Inthe architecture 3, each of the decoder blocks will query the respective VGGT camera token layer
- Inarchitecture 2, we hypothesize the problem lies in the confidence scores generated. We envision a network
that re-weighs the scores based IMU sequences. Early analysis demonstrates little deviation for depth scores
calculated locally for each camera.



Dataset preparation

INEYES

e Undistort to pinhole model

e Gray2RGB: dup.

e Normalize using ImageNet stats
e Crop Height, Width // 14

[ ]

Human masking

Source YOLO +SAM2:  Grounding
Partial mask DINO + SAM2:
Better results

e Temporal alignment (indexing IMU

sequence according to image #)

e Bias estimation and subtraction
from periods of stationarity

e Gravity alignment using the IMU
to body transform provided in the
dataset

e Coordinate frame alignment (IMU

and cameras have different
coordinate frames)

LiDAR

e Run LiDAR SLAM as described

earlier in the Ground Truth slide

e Interpolate

o  Translation: Linear
o Rotation: SLERP

e Apply LiDAR to camera

transformation (see diagram
below)


https://tp-public-facing.s3.eu-north-1.amazonaws.com/Challenges/2023/calibration.zip

. . SfM Baseline:
BaS ellne 1. VGGT VS SfM (1) Chamfer Distance
Building intuition of the capabilities of VGGT on our COLMAP » (2) ATE, RPE
dataset. The baseline will allow us to understand if the VneN RANSAC/ICP
failure in VGGT is at the depth map (per image), or the Filter top K%
camera pose.

*

.

-

Analyze per-pixel confidence
z (distorted) Images € RZ (VR CHW yae perp ’ 9 = Point clouds in n frame
. . g c RB,H,W,.?»
To find a conservative representation of the
baseline, we will look for the combination of

ts,n, K that minimize the loss function
Chamfer Distance.




Baseline 2 vs VINS-Mono

Visual Inertial Odometry baseline

z (distorted)

IMU array
MU £ R10xn,6

RB,(nx k),C,H,W

Images €

VINS Mono

VINS Mono Baseline:
(1) Chamfer Distance
(2) ATE, RPE
RANSAC/ICP

Filter top K%

*

T

ji i‘ ’

4 = Point clouds in n, frame
g c RB,H,W,3

(a) Onlyimages are fed to VGGT. We use the same hyperparameters found in the previous baseline.
(b) The same images, accompanied by the respective IMU data points are fed to VINS-Mono




Fallback option only if main architecture fails

Arch #2: Camera Tokens conditioned on IMU (ladder)

Hyvpothesis: The previous method shows promise, but can be pushed further to achieve better results.
Method: Freeze VGGT. Similar our core architecture, but instead of only decoding the final camera features, it conditions IMU on
the camera tokens as they are trained across all the VGGT stack (24 blocks). Each decoder layer in our Network L][i| provides Keys
and Values from the IMU stream, and ‘reads’ queries from VGGT]i]

Sample

Add preintegration token: AR, At, Av, 2

\
pern
| Transformer
Encoder
(2-3 blocks)
Normalized IMU
Preceding IMU samples tokens
(10 per 25ms) +Absolute (ts)
Positional Enc.

Add

camera token
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Transformer Decoder (24 blocks)
Each Layer % uses queries from
corresponding camera tokens of

VGGT;

S e

4 layers MLP produces pose
by projecting camera tokens to SE(3)
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Fallback architecture - only if analysis shows confidence score of depth maps are low

Arch #3: IMU Adaptive Confidence Masking

Hyvpothesis: IMU data can determine which shots’ confidence are more trustworthy for 3D reconstruction.
Method: Freeze VGGT. Produce depth maps, per-pixel confidence maps and world point clouds. Discard camera pose and point tracks.
Train an LSTM on the IMU seq, conditioned on the VGGT output. Learn a scalar that adjusts the weights of confidence maps

7] Add Global Frame Camera Head Cameras 3
] b g o Attention Attention || s
B 75 Images in = | u 3
ts, N— .- . i [} i S
— t |
i g § E — — — —_ Depth maps & conf.%
1 § z » PC ¢ RP?
3 9
1T \- = m 7 7 e
= | ]
p g 8 v . DINO Concat Depth e RB,N,H,W,:;’
= ny = [ iif —
1 y & . ’ . = Conf € RENHW
] u% | L] —> — DPT —> Point maps
t —n1 = - = = B
gL [ N
_ H = > N N 5 racks 5
E [ ] K > T
= o 24 ti 2
v X imes 2

-The LSTM is conditioned on the VGGT output

- At each timestep, the LSTM is fed the preceding 25msof
IMU data that have been embedded using an MLP

-The LSTM outputs A at each timestep. A Assigns a new
weight to each confidence map

-The newly weighted confidence maps are used to filter the
z-maps above a pre-selected threshold> K%

-These filtered z-values are each projected in local 3D
space. They are aggregated with RANSAC and ICP to form
the combined point clouds, 3}

-Finally, we calculate Chamfer Distance loss.
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