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Figure 1. We propose LAMP, the first method to track human motion with multi-camera headsets in the metric 3D world. (Left)
LAMP persistently track the body motion over a long time, where the 2D observations constantly switching between different cameras
across time. (Right) LAMP tracks multiple people simultaneously in real-time across a ultra-wide field-of-view by combining all cameras.
Please refer to the supplementary video for the real-time demonstrations.

Abstract

Tracking 3D human motion from egocentric multi-camera
headset is challenged by severe egomotion, partial visibility
or occlusions and lack of training data. Existing methods
designed for monocular video often require static or slowly-
moving cameras and cannot efficiently leverage multi-view,
calibrated and localized input. This makes them brittle and
prone to fail on dynamic egocentric captures. We propose
LAMP (Localization Aware Multi-camera People Tracking):
a novel, simple framework to solve this via early disentan-
glement of observer and target motion. LAMP introduces
a two-step process. First, we leverage the known device
6 DoF motion and calibration to convert detected 2D body
keypoints from all cameras over a temporal window into a
unified 3D world reference frame. Second, an end-to-end-
trained spatio-temporal transformer fits 3D human motion
directly to this 3D ray cloud. This ”lift-then-fit” approach
allows LAMP to learn and leverage a natural human mo-
tion prior in the world-space, as well as providing an el-
egant framework to flexibly incorporate information from

multiple temporally asynchronous, partially observing and
moving cameras. LAMP achieves state-of-the-art results on
monocular benchmarks, while significantly outperforming
baselines for our targeted egocentric setting. Project page:
https://facebookresearch.github.io/LAMP.

1. Introduction

Augmented reality and smart glasses [1, 15, 49] promise to
be persistent, context-aware assistants, enhancing daily life
by deeply understanding the user’s environment and acting
as effective front-ends that connect a wearer to powerful
AI systems. A critical component of such contextual AI
systems is social understanding, i.e., the ability to perceive
people around the user, what they are doing, and how they
are interacting with the user or each other. Understanding 3D
human motion is a fundamental component to understanding
these higher-level social cues.

Tracking 3D human body motion from videos has been
intensively studied over the past decades with impressive
progress [20, 23, 67, 68, 78, 79]. However, tracking peo-
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ple observed by egocentric modern headsets [1, 15, 50, 51]
presents novel challenges that often render existing methods
ineffective, due to three major factors. First, headsets are
subject to significant 6-DoF egomotion from constant, rapid
head movement of wearers. This breaks many state-of-the-
art motion tracking algorithms, which assume or heavily rely
on static or slow-moving camera motion [3, 56, 89]. More
fundamentally, these methods attempt to track the motion
between observer and target – which can work well when
the observer intentionally follows or captures the target (cor-
related motion), but breaks when these are uncorrelated and
subject to independent motion patterns. Second, modern ego-
centric headsets [1, 15, 49–51] are designed to be multiview
camera rigs. In order to cover a large field of view, each
individual camera captures a different viewing direction,
with partial stereo overlapping to a subset of all cameras, as
shown in Fig. 3. This means, a person may be fully or par-
tially observed by a single or multiple cameras at each point
in time, while the observations also switch from one camera
to another across the field-of-view over time. These proper-
ties are poorly considered by many existing solutions, which
are designed for monocular input. Consequentially, par-
tial single-view observations lead to frequent tracking loss,
camera hand-off scenarios are ineffective handled via late
fusion, and the results are subject to scale ambiguity inherit
to all monocular 3D tracking problems. Third, most existing
methods demand a large-scale video data annotated with
3D human motion for training. This type of data is sparse
and requires tremendous efforts to collect [25, 26, 88], while
synthetic data [5, 84] often lacks realistic moving camera
motions. At the same time, modern headsets update camera
configurations in every new generations and across manu-
facturers – making it impractical to built sufficiently large
training datasets for a specific device. This is the core reason
why most methods that rely on raw video pixels as input to
ML models focus on monocular, un-posed and un-calibrated
input as lowest common denominator.

To address these challenges, we introduce LAMP: an
early world-space ray lifting paradigm to track multiple peo-
ple in metric 3D world with modern egocentric headsets.
LAMP takes a posed multi-view video clip as input, and
outputs the 3D parameterized body pose [43] per timestamp
per person. To achieve this, the method first detects the
2D keypoints [81, 82] independently per person per camera
per timestamp. The 2D keypoints are then back-projected
and posed by the 6-DoF camera poses into 3D rays, and
associated by the targets’ identity across time. The result-
ing grouped 3D ray cloud is processed by LAMP-Net, a
spatial-temporal transformer to output the parameterized
body motion for each timestamp. By using the posed 3D
rays as input to train our model, LAMP achieves two explicit
factorization. First the headset motion is factored out from
tracking targets’ motion by using the 6-DoF device localiza-

tion and camera calibrations, which are both available for
modern AR or VR headsets by running highly optimized
the state-of-the-art visual-inertial odometry (VIO) or full
SLAM systems [13, 15, 53, 54] achieving remarkable ac-
curacy and reliability [32]. This factorization enables the
entire subsequent fitting problem to fully focus on learning
the prior of how people move, and naturally stabilizes and
anchors the estimated body motion in the metric 3D world.
Second, 2D keypoints detection on raw image pixels is fac-
tored out clearnly from 3D motion fitting, thus allowing
to leverage existing 2D, image-based human and keypoints
detections algorithms [8, 41, 42]. This factorization natu-
rally handles partial observations by individual cameras, and
allows for seamless cross-camera hand-off scenarios to de-
rive consistent tracking result. Further, it allows to re-use
datasets across different rig-layouts: Since LAMP-Net only
requires 2D keypoint observations as input, we can simulate
the training data for arbitrary multi-camera headset configu-
rations from arbitrary existing motion datasets [45, 46]. The
contribution of our work is summarized as follows.
• We introduce LAMP, a novel system that lifts and tracks

multiple people directly in the metric 3D world frame
from egocentric multi-camera videos by exploiting known
6-DoF camera poses from modern headsets.

• We propose an early world-space ray lifting formulation
that factors out headset egomotion by lifting 2D keypoints
to 3D ray cloud before spatio-temporal reasoning, en-
abling training from simulated data and naturally support-
ing multi-view inputs.

• We demonstrate that LAMP significantly outperforms
monocular approaches, effectively leveraging multi-view
and posed inputs to improve both tracking accuracy and
field-of-view coverage. We further show that LAMP
matches state-of-the-art monocular baselines when re-
duced to a monocular input rig for a fair comparison.

• We intend to publicly release our model and code to facili-
tate future research.

2. Related Work

Single image 3D human pose estimation. A large body
of work focuses on predicting 3D human pose from a single
2D image [6, 47, 52, 58, 59, 77]. Early works [7, 69] employ
a classical optimization approach using a parametric human
model, such as SMPL [43] and SMPL-X [60] and minimize
the energy with respect to the image observations, such as
2D keypoints and silhouettes. With the advance of deep
learning, regression approaches [20, 22, 30, 39, 57] become
more popular as they learn human pose and shape priors from
large datasets [5, 21, 46], delivering strong generalization
capabilities and robustness. However, these single-image
models focus on estimating the 3D human pose in the camera
coordinate frame, without considering the camera movement
or temporal consistencies.
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Figure 2. Method overview. From egocentric multi-camera video with known 6-DoF poses {Tt
k → SE(3)}, we detect 2D boxes and

keypoints and associate them over time to form per-person tracks as shown in the first subplot. Using the known intrinsics/extrinsics, the 2D
keypoints of each track are lifted to a sequence of spatio-temporal posed 3D ray clouds in a gravity-aligned reference frame as shown in the
second subplot. We then train the LAMP-Net to perform spatio-temporal reasoning which maps ray cloud {ωt

i} to world-grounded body
motion {H

t
i} as shown in the last subplot.

Video-based 3D human pose estimation. Temporal cues
are widely exploited to improve stability and reduce per-
frame ambiguity in 3D human motion estimates [2, 28, 38,
48, 61, 73, 87, 90, 91]. Most pipelines extract per-frame
features and then aggregate them over time using tempo-
ral convolutions [23, 61, 87], recurrent models [28, 44], or
Transformers [38, 66, 76, 93]. While effective for enforcing
temporal smoothness, the majority of these methods rea-
son in the camera coordinate system and do not explicitly
account for camera motion or maintain a consistent world ref-
erence, making them ill-suited for scenarios with substantial
6-DoF egomotion (e.g., head-mounted cameras).

Multi-view 3D pose estimation. Many methods recon-
struct 3D human pose from multiple, synchronized, and
calibrated static cameras, typically via triangulation or volu-
metric feature fusion [9, 11, 27, 40, 62, 64, 70, 75, 80, 86].
These approaches assume a fixed multi-camera rig set up,
and sufficient spatial coverage to maintain visibility, , which
limits their applicability beyond studio-style setups. In con-
trast, our scenario uses a moving multi-camera rig captured
from head mounted devices that casually captures the envi-
ronment with rapid camera motions.

World-coordinate 3D human pose estimation. Estimat-
ing human motion in a fixed world frame is essential for
perceiving and interacting with the physical environment.
Recent work has begun addressing world-frame recovery
from moving cameras. Optimization-based methods such as
SLAHMR [83] and PACE [29] refine poses and trajectories
but are ill-suited for real-time use. Similarly, MVLift [37]
proposes a diffusion network to synthesize multi-view ob-
servations from single view 2D skeleton videos, followed
by optimization to fit 3D skeletons, which is not real-time
capable. WHAM [68] proposes an end-to-end neural model
that leverages gyroscope signals to predict world-frame
poses. GVHMR [67] introduces a gravity-view coordinate

to stabilize orientation and reduce drift by predicting in a
gravity-aligned frame. To obtain metric scale, TRAM [78],
WHAC [84], and PromptHMR [79] couple off-the-shelf
SLAM [71, 72] with monocular depth [4], then transform
camera-frame predictions into the world frame. GloPro [65]
assumes known camera poses but still predicts in camera
space before transforming; Ray3D [85] employs a ray-based
representation under static-camera rigs. In contrast, we ex-
plicitly exploit the readily available 6-DoF camera poses
on egocentric devices [1, 15, 49] and adopt an early-lifting

paradigm that lifts the 2D keypoints to 3D rays expressed in
a local world frame before spatio-temporal reasoning. This
avoids late composition as the prior works, enables causal
real-time inference, and lets the model learn a unified 3D
human motion prior in the world coordinate system.

3. Method

Given multi-view videos {Itk}
T
K captured by a multi-camera

headset with k → [1, . . . ,K] cameras over t → [1, . . . , T ]
timestamps, LAMP outputs the metric 3D grounded body

motion tracklets for each person observed by the video
grounded in 3D world coordinates. We assume the cam-
era calibration and 6 DoF camera poses Tt

k → SE(3) are
known and accurate. To parameterize 3D human motion, we
adopt the commonly used SMPL [43] format. For each
tracked person i at time t, the body pose is denoted by
H

t
i := {ωt

i,ε
t
i,ϑ

t
i, ϖ

t
i}, where ωt

i → R
69 is the SMPL pose

parameters that represents the joint angles of 23 body joints,
εt
i → R

10 is the SMPL shape parameters with the first 10
PCA coefficients, ϑt

i → SO(3) is the global 3D rotation of
the root joint at pelvis, ϖ i → R

3 is the global 3D translation
of the root joint. We further denote the clip of human motion
by H

T
i := {H

t
i}

T
t=1 With the function fSMPL(ω,ε) that con-

verts SMPL shape and pose parameters to J → R
23 joints

and V → R
6890 mesh vertices in SMPL local coordinates,

the joints and vertices in the world coordinates for person i
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at time t are then computed by

J
t
i ,V

t
i = exp(ϑt

i)fSMPL(ω
t
i,ε

t
i) + ϖ t

i . (1)

3.1. Overview

Figure 2 illustrate how LAMP employs an early world-space
ray lifting paradigm to track multiple people over time for
the multi-camera headset. Start from individual images, the
method first detects 2D bounding boxes of each observed
person and estimate the set of 2D keypoints {pt

j → R
2
}

per bounding box detection. The 2D detections are spatio-
temporally associated across K cameras over T timestamps
by the identity of tracking targets. After associations, the 2D
keypoints are back-projected into 3D and transformed by the
known camera poses Tt

k and camera calibration parameters
to obtain a sequence of spatio-temporal ray clouds aligned in
the 3D space. For each group of ray clouds, we use LAMP-
Net to map the sequence of 3D rays into 3D grounded human
motion {H

t
i}.

In this formulation, we made two explicit factorizations.
First, the 6 DoF camera poses are disentangled from the
movements of tracked people. We argue this is a crucial
ingredient which enables LAMP-Net to fully focus on learn-
ing the motion prior of how people move. Unlike many
previous works that are designed to learn or refine a coarse
camera motion together with human motion [78, 79], we
believe learning camera motion not only make the problem
harder to solve, but also is unnecessary for modern head-
sets, which device tracking is largely considered a solved
problem [10, 12, 15, 17, 32, 35, 53, 55]. The second factor-
ization is to separate 2D human detections from the motion
learning and directly learn to solve the inverse problem “find
the parameterized 3D human motion that is most consistent
with a given spatio-temporal ray cloud”. The formulation
encourages LAMP-Net to flexibily combine and leverage
temporally asynchronous observations for “3D triangulation”
by connecting them through the local dynamics imposed by
human motion prior. By doing so, LAMP is able to natu-
rally handle partial 2D observations and camera hand-off
scenarios to persist tracking across time and camera views.
As a by-product of this factorization, LAMP can simply
be re-trained for a new camera configuration by simulating
2D observations for the targeted camera layout from arbi-
trary motion datasets. This solves a key challenge in data
scarcity for posed multi-view devices, which is the core rea-
son why most research focuses on the monocular setting. In
the remaining section, we further describe the ray associa-
tion, 2D-to-3D multi-view lifting and LAMP-Net training
for spatio-temporal ray fitting in more details.

3.2. Tracklet spatio-temporal association

For a timestep t, we obtained the 2D bounding boxes of all
visible people using 2D detection algorithms [18, 63, 81].

Figure 3. Multi camera tracking. LAMP seamlessly estimates
body motion for a person across several “camera-handoffs” for a
sequence captured from an Project Aria Gen2 glasses and using
all four available monochrome cameras. Our formulation allows
to seamlessly combine all available observations in a single model
inference call to fitting a full 4s 3D motion snippet.

For association, we solve a bipartite matching problem be-
tween these 2D bounding boxes and active tracklets from
the previous timesteps. This is done by projecting 3D points
into the images to obtain an expected observation location
and compute the matching cost. Note that this automati-
cally compensates for the headset motion, as tracklets are
represented in the world coordinates. Matching observations
is then solved with the Hungarian algorithms [3, 34, 89].
When a 2D bounding box fails to associate with others, we
instantiate a new tracklet. For real world inference, a tracklet
will be deactivated if the person is not observed for more
than a threshold of time.

3.3. World aligned ray lifting

For each 2D bounding box, we run ViTPose [82] to detect
the MSCOCO [42] 2D keypoints on the cropped images. We
then assemble the 3D ray cloud ϱt

i by first unprojecting the
2D keypoints into 3D, transforming them by the correspond-
ing camera pose, and normalizing the reference coordinates
by the first frame of the temporal window to prepare the in-
put for LAMP-Net inference. For coordinates normalization,
we define a local coordinates Lt based on the pose of the
camera i = 0, which effectively aligns the reference with
gravity as estimated by visual inertial odometry (VIO)

Tt
W→LT

:= gravity align(Tt
W→C0

) → SE(3). (2)

Together, the compute of 3D rays into the local coordinate
system follows

cϱt
j := TLT→W ·Tt

W→Ck
· ω↑1(pt

j), (3)

where ω↑1 : ! ↑ R
3 denotes the calibrated camera un-

projection function of a pixel to a unit ray, and Tt
W→Ck

→
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SE(3) denotes the known camera pose of camera k at time t.
Combined with the respectively transformed camera centers

oϱk
t := TLT→W ·Tt

W→Ck
· [0, 0, 0, 1]↓, (4)

this results in one 3D ray per 2D observation. Finally,
we stack all rays within the window, parametrized as 6-
dimensional Plücker rays concatenated with the confidence
score from the 2D keypoint detector. The final result is a
tensor ! → R

T↔K↔J↔7, where J = 17 is the number of
MSCOCO human keypoints and K is the number of cameras.
The values corresponds to the missing 2D keypoints are set
to zero for training and inference with LAMP-Net, described
in the next section.

3.4. Spatio-temporal ray fitting with LAMP-Net

The function to map spatio-temporal 3D ray cloud to the
corresponding 3D human motion is modeled by LAMP-Net.
To this end, we use a spatio-temporal transformer architec-
ture [74, 93]. The transformer takes the sequential ray cloud
as the input, and regresses the SMPL motion parameters [43]
{H

t
i} for each timestamp. The spatio-temporal encoder per-

forms self-attention across both spatial (i.e., by joint) and
temporal (i.e., by frame) dimensions to jointly estimate body
shape and motion dynamics. A learnable read-out embed-
ding is expanded and added with the time encoding to form
the query tokens in a cross-attention decoder. Unlike previ-
ous works where network readouts interact only with the last
encoder layer [19], our decoder performs cross-attention at
each encoder block, allowing the readout embeddings to it-
eratively aggregate motion and geometry information across
different feature hierarchies. We found that this multi-level
interaction improves temporal stability and convergence. For
training, we adopt the 6D rotation [92] to parameterize 3D
rotation. Note that since we normalize the input by the local
coordinates LT , the predicted motions needs to be trans-
formed back to the original 3D world reference.

Training losses. Inspired by prior work [20, 78], the net-
work training losses penalize the deviation to the ground-
truth SMPL parameters H

t
i , the 3D joint positions J , 3D

vertex positions V , as well as the joint velocity DJ . The loss
function is defined as

L = εSMPLLSMPL + ε3DL3D + εVLV + εvelLvel , (5)

with

LSMPL = 1
T

∑T
t=1 ||Ĥ

t
↓H

t
||
2
2

L3D = 1
T

∑T
t=1 ||Ĵt ↓ Jt||

2
F

LV = 1
T

∑T
t=1 ||V̂t ↓ Vt||

2
F

Lvel =
1

T↑1

∑T
t=2 ||D̂t ↓Dt||

2
F .

Figure 4. Sliding window inference. We propose a simple and
light-weight sliding-window inference strategy by averaging the
same-time-stamp pose predictions to get more accurate and stable
human motions.

We empirically found that the vertices loss LV improves
the results even though it is ill-posed for LAMP to recover
accurate mesh due to the sparse 2D keypoint observations.

3.5. Non-causal inference with temporal smoothing

LAMP-Net consumes a window of video clips as input, each
frame will be processed T times during a strictly causal on-
line inference, where the input window increments forward 1
frame at a time to yield the estimate for the latest frame. This
inference paradigm is illustrated in Fig. 4. With this nature of
inference, smoothing the past estimations by averaging the
predictions over time comes with no additional cost network
inference per se. Assume the network predictions contain
noise, averaging multiple estimates over time is expected to
improve the accuracy and reduce jitter. However, smoothing
results over sliding window increases the latency of output.
At maximum, it can delay the output by T ↓ 1 timestamps.
In practice, this property of LAMP inference provides a run-
time variable that can be used control the tradeoff between
accuracy versus latency. In our experiments, we evaluate
the impact of smoothing with maximum latency, where the
pose at time t is computed by averaging all T variants of
predictions available over time.

4. Experiments

4.1. Implementation details

Model. LAMP-Net contains three transformer encoder-
decoder blocks with 512 inner dimension. The input is
set to be a 4-second temporal window. With video data at
30 Hz, this amounts to in W = 120 frames input. The loss
weights are set to be εSMPL = 1.0, ε3D = 5.0, εV = 1.0,
εvel = 20.0, The network is trained for 200 epochs on 4
nodes of NVidia H100 GPUs. Training takes approximately
19 hours to converge. The inference and evaluation run on a
single RTX4090 GPU for real-time inference.
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Figure 5. Qualitative comparison of 3D human motion estimation. We compare the output PromptHMR [79] against monocular LAMP
and multi-camera (MV) LAMP on Nymeria [45] with and without temporal smoothing. Per output SMPL mesh, the vertex colors encode
the Euclidean distance to the corresponding ground-truth vertex, with the higher error showed in yellow and lower error in dark purple.

Figure 6. Tracking coverage versus number of cameras. (Left): Distribution of the proportion of people tracked per timestamp against the
proportion of time. Using more cameras clearly shifts mass toward 1.0, meaning all people are tracked more often. In a dynamic social
interaction with three other people, average coverage is 47% for 1-cam, 65% for 2-cam, and 81% for 4-cam. Right: qualitative examples
showing how using more cameras improves the tracking coverage.

Dataset. LAMP-Net is trained with Nymeria dataset [45].
The dataset contains 1100 recordings, more than 300 hours
of in-the-wild human motion from 264 participants, using
multiple Project Aria glasses [15]. The dataset provides
ground-truth body motions for subjects using XSens mocap
suit, with retargetted SMPL [43] format and we use the ob-
servers’ Aria glasses to generate training data. The dataset
is then split into 770, 165 and 26 sequences for training,
validation and testing. The test set covers one of each 20
activity scenarios to evaluate diverse motion. For training
data preparation, we project the 3D ground-truth body joints
onto the observer cameras using the ground-truth intrinsics
and extrinsics. We apply extensive data augmentation to
simulate real world noisy 2D detections and occlusions. We
also augment the headset motion to further increase the di-
versity. The data augmentation is further detailed in the
supplemental. In addition, we also evaluate LAMP with
EMDB [24], a widely-adopted dataset in benchmarking 3D
human tracking. Since EMDB is a small dataset with to-
tal 40 minutes recordings, we do not train or finetune our
model on EMDB. Therefore, our results on EMDB reflect
the zero-shot generalization of LAMP.

Simulate arbitrary multi-camera layout. A key benefit
of the 3D ray lifting formulation is that LAMP-Net does
not require direct pixels or image features for training and
inference. Therefore, we can easily simulate 2D keypoint ob-
servations by projecting ground-truth 3D joints into virtual
cameras. This design enables training with arbitrary 3D hu-
man motion dataset without video data [45, 46]. Importantly,
this training scheme enables large-scale data synthesis [68]
with diverse observer-camera configurations. In our exper-
iments, we qualitatively evaluate this feature of LAMP by
simulating a large Aria Gen2 [49] dataset from the Nymeria
dataset which is collected with Aria Gen1 [14], and show
that the model is able to handle real-world Aria Gen2 dataset,
despite never trained with any real Aria Gen2 data. Note that
there is a significant update on camera configuration from
Aria Gen1 to Aria Gen2.

Metrics. We evaluate LAMP using a range of common
metrics, mostly derived from the Mean Per-Joint Position
Error (MPJPE) error and reported in millimeters (mm). Here
we provide a brief description of different MPJPE variants
and propose a new variant W-MPJPE for evaluating motion
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Table 1. Quantitative comparison of LAMP against state-of-the-art algorithms. We evaluate LAMP on EMDB [24] and Nymeria [45]
datasets, where the best results for each dataset is marked in bold, respectively. We refer to GEM [36] for the evaluation results of
WHAM [68] and GVHMR [67] on EMDB [24] with GT camera poses. The metrics are reported in millimeter (mm) for all MPJPE variants
and foot skating (FS), in percentage (%) for RTE and in 10m/s3.

Method Dataset MPJPE PA-MPJPE WA-MPJPE100 W-MPJPE RTE Jitter FS

WHAM [68] EMDB 81.6 52.0 131.1 - 4.1 21.0 4.4
GVHMR [67] EMDB 74.2 44.5 109.1 - 1.9 16.5 3.5
GEM [36] EMDB 73.0 42.5 69.5 - 0.9 17.7 8.6
PromptHMR [79] EMDB 68.1 40.1 63.9 278.1 0.4 16.3 3.5
LAMP-mono (ours) EMDB 82.3 46.3 77.8 165.1 0.2 4.6 3.2

PromptHMR [79] Nymeria 109.2 66.0 101.6 246.0 0.11 114.1 7.7
LAMP-mono (ours) Nymeria 92.3 55.5 80.4 203.4 0.09 23.8 3.2

LAMP-mv (ours) Nymeria 54.8 37.3 58.7 113.3 0.05 21.8 3.6

tracking in metric 3D world. MPJPE measures the average
joint position error after removing any translational misalign-
ment of the root joint (pelvis) w.r.t. ground truth. Similarly,
PA-MPJPE measures the average joint position error after
Procrustes alignment with the ground truth. Both metrics
are designed to measure the local similarity of body poses
and are computed on a per-frame basis. WA-MPJPE100 on
the other hand, is designed to infer the global body pose
accuracy. Due to the common setting with monocular video
input, the SIM(3) alignment is first performed over a 100-
frame temporal window before computing the error in order
to reduce the impact of scale ambiguity. For multi-camera
headset input, we argue that algorithms should be able to
resolve the scale ambiguity and algorithms should be directly
evaluated against ground truth without any alignment. To
this end, we introduce a new metric W-MPJPE, which mea-
sures the MPJPE without any alignment. Following previous
works [29, 68, 79, 83], we also report jitter, foot skating (FS),
and root trajectory error (RTE).

4.2. Comparison to state-of-the-art

We conduct evaluations against recent state-of-the-art meth-
ods [36, 67, 68, 79]. The quantitative comparison on EMDB
and Nymeria is shown in Tab. 1 and the qualitative compari-
son on Nymeria is presented in Fig. 5.

Evaluation on EMDB. We first evaluate LAMP on the
EMDB-2 test split. EMDB is captured from slowly moving
cameras closely following the participant. We use ground-
truth camera extrinsics for all the methods and run LAMP
with single-view input for direct comparison to other meth-
ods. Overall, LAMP achieves highest RTE, W-MPJPE and
Jitter by a significant margin, indicating superior world-
space localization accuracy. Figure 7 also shows the tra-
jectory error overtime comparing LAMP and PromptHMR.
In turn, LAMP falls notably behind on MPJPE, PA-MPJPE
and WA-MPJPE100. We believe this can be attributed to

Figure 7. Root Trajectory Errors on EMDB. LAMP outper-
forms PromptHMR on absolute root trajectory accuracy on most
sequences. However, on 64 outdoor skateboard, LAMP shows in-
ferior result which is likely due to the lack of skateboarding activity
in the training data.

our design choice of collapsing raw images into 3D rays to
facilitate multi-view aggregation and continuous tracking
over time, capabilities which are not captured by these met-
rics and on this dataset. Please refer to our supplementary
materials for the qualitative results on EMDB.
Evaluation on Nymeria. We compare LAMP with
PromptHMR [79] on the Nymeria dataset. Nymeria dif-
fers from EMDB in 2 key aspects: 1) it contains longer
sequences (15 mins versus 1 min per sequence) allowing
better evaluation over long-term accuracy; 2) the observer
camera contains natural egocentric head motions with fre-
quent rotations. For comparison we adapt PromptHMR to
take ground-truth camera poses, rectify, and process the se-
quences in 1200 frame-chunks. We observe that LAMP
notably outperforms PromptHMR on all metrics even in the
monocular configuration, where multiview input gives addi-
tional boost to accuracy as shown in Fig. 5. Note that for the
multi-camera setup we use the keypoint detections from 1
RGB and 2 SLAM cameras from Project Aria glasses (Gen1).
This is further discussed in Sec. 4.3. More qualitative results
are presented in the supplementary.
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Table 2. Ablation study. The design choices (first four columns) mean the following. By posed, we transform 3D rays by camera poses; by
smooth, per-frame estimation is averaged over a sliding window; by simulated, we simulate 2D keypoint detections from ground truth; and
by multiview, we use four-camera [49] observations instead of monocular video. Experiments is done with the Nymeria [45] datasets. All
MPJPE variants and foot skating (FS) are in millimeter (mm), RTE in percentage (%) and jitter in 10m/s3.

variant posed smooth simulate multiview MPJPE PA-MPJPE WA-MPJPE100 W-MPJPE RTE Jitter FS

var0 98.5 57.5 95.8 296.3 0.50 93.1 6.1
var1 ↭ 98.3 57.6 89.3 209.6 0.09 91.7 5.5
var2 ↭ ↭ 92.3 55.5 80.4 203.4 0.09 23.8 3.2
var3 ↭ ↭ ↭ 60.4 39.2 71.7 199.8 0.08 21.4 3.5
var4 ↭ ↭ ↭ 54.8 37.3 58.7 113.3 0.05 21.8 3.6
var5 ↭ ↭ ↭ ↭ 52.0 34.8 58.2 111.5 0.05 21.4 3.5

Qualitative evaluation on Aria Gen2. To show that our
training method enables generalizaiton to different camera
layouts, we recorded test sequences with the Project Aria
Gen2 headset [49], which mounts 4 CV cameras: a forward-
facing stereo pair with substantial overlap plus two side-view
cameras, yielding a ↔ 270↗ field of view. LAMP exploits
the known intrinsics/extrinsics to fuse all views; as illus-
trated in Fig. 1, it persistently tracks the people over long
trajectories (Left) and tracks multiple people in real-time
across the wide FoV (Right). To quantify the effect of cam-
era count on coverage, we analyze four 5-minute sequences
from the Aria Gen2 Pilot dataset [31], comparing 1-, 2-, and
4-camera settings. Figure 6 shows that adding views substan-
tially increases per-timestamp coverage in dynamic social
interactions, confirming the benefit of the multi-camera rig.

4.3. Ablation studies

We conduct ablation studies on the Nymeria dataset. We pre-
process the dataset to evaluate only frames with sufficient
visibility of the tracked person – we observe that the dataset
contains complex activities and interactions, and thus – in
contrast to EMDB – the tracked person is not always visible
and can be temporarily occluded by e.g. walls or furniture.
We achieve this by running an off-the-shelf 2D bounding box
detector [81] for people on the full video, and filter out any
frames in which no person is detected with a 2D bounding-
box IoU of at least 0.4 compared to surrounding boxes of
the projected 3D joints.

Table 2 reports the effect of each design choice for LAMP.
The first row (var0) is the result of LAMP when not us-
ing known camera motion, and instead lifting rays into the
moving observer frame of reference. Adding LAMP’s 3D
Ray-Lifting (var1) significantly improves all Global Met-
rics, as well as RTE and foot-skating. This is expected, and
indeed a core benefit of our method which allows to fully
leverage known observer-motion for accurate 3D localiza-
tion of the observed person. Averaging overlapping windows
further improves all metrics (var2). To evaluate the impact
of multiple cameras, we use Aria Gen1 multi-view camera
rig with 2D keypoints detected by ViTPose [82] (var4). In

addtion, we include results with simulated 2D keypoints
for both monocular and multi-view experiments (var3 and
var5). The comparison between var2 and var4 shows the
improvement by using all 3 cameras vs. when using only
a monocular view. Again, using multi-view input yields
significant improvement across all metrics except jitter and
foot-sliding. An additional observation is that the sim-to-real
delta of multi-view inputs (i.e., between var4 and var5 is
significantly smaller than that of using monocular inputs (i.e.,
between var2 and var3), which suggests, although LAMP-
Net is trained with simulation only, using multi-view inputs
together with our extensive data augmentation closes the
sim-to-real gap notably. Please refer to our supplementary
materials for additional experiments on camera pose and 2D
keypoints sensitivity, runtime, and tracking performance.

5. Conclusion

LAMP introduces a new approach to tracking people and
their body-motion in 3D metric world space. By accept-
ing known 6DoF motion and calibration as readily-available
input modality, LAMP provides a simple and flexible solu-
tion to disentangling observer- and target-motion, as well
as to fuse observations from multi-view video input. By
further abstracting raw pixels into 2D rays early-on, LAMP
can easily be re-trained for arbitrary rig-layouts facilitat-
ing cross-device usage. We demonstrate LAMP’s superior
performance in the targeted scenario of in-the-wild egocen-
tric observations of surrounding people – as supposed to
intentional/staged capture from static or hand-held cameras.

Limitations LAMP depends on accurate and reliable
6 DoF tracking as input modality, and requires multi-view in-
put to unfold its full potential. While this is commonly avail-
able for modern egocentric devices, it does prevent LAMP
from being used effectively for monocular mobile phone
captures or common internet-sourced recordings. Besides,
including more comprehensive pixel-derived information
will potentially improve the local human pose accuracy.
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