
TROPHIES: Temporal Reconstruction of Places, Humans, and Cameras
from Multi-view Videos

Supplementary Material

In this supplementary material, we provide additional
details and experiments not included in the main paper due
to limitations in space.
• Section 1: More evaluation details about metrics and

datasets.
• Section 2: More details about method of TROPHIES.
• Section 3: Benefiting from the flexible structure of TRO-

PHIES, this section demonstrates the quantitative and
qualitative results of the model when receiving single
view inputs.

• Section 4: More qualitative and quantitative results of
TROPHIES in diverse environments.

• Section 5: Limitation of TROPHIES.

1. Evaluation Details

1.1. Metrics
We report both human pose accuracy and camera geom-

etry consistency using the following metrics.
W-MPJPE [17] computes the mean per-joint error in

world coordinates after applying a single rigid alignment to
the first two frames treated jointly. This alignment anchors
the motion at the sequence start, and the error is accumu-
lated across all subsequent frames.

WA-MPJPE [17] extends this idea by performing a sin-
gle rigid alignment over the entire sequence, treating all
frames as one unified block. This measures global consis-
tency of the predicted trajectories over long temporal win-
dows.

PA-MPJPE [17] reports the per-joint position error after
performing a Sim(3) Procrustes alignment for each frame
individually. By normalizing translation, rotation, and
scale, this metric isolates articulated pose and body-shape
accuracy without being influenced by camera placement or
global scene scale.

Accel [16] measures the discrepancy in joint accelera-
tions, averaged over time. As a second-order temporal met-
ric, it reflects the smoothness of reconstructed motion and
highlights jitter or discontinuous dynamics.

For camera evaluation, we focus on both absolute trajec-
tory accuracy and pairwise geometric correctness.

TE and s-TE quantify camera-center reconstruction er-
ror. TE is computed after SE(3) alignment to evaluate
metric correctness of camera trajectories, while s-TE uses
Sim(3) normalization to remove scale discrepancies and re-
port scale-invariant trajectory error.

RRA@{50,100} (Relative Reconstruction Accuracy)

evaluates the correctness of pairwise camera orientations.
For each camera pair, we compute the angular difference
between predicted and ground-truth relative rotations and
report the proportion of pairs with errors.

CCA@{50,100} (Camera–Scene Consistency Accu-
racy) measures how closely reconstructed camera centers
match ground truth after SE(3) alignment. We report the
percentage of cameras whose localization error falls below
50 cm and 100 cm.

s-CCA@{50,100} applies the same evaluation protocol
after Sim(3) scaling, providing a scale-invariant measure of
spatial agreement between estimated cameras and the scene
layout.

1.2. Dataset
EgoHumans: The EgoHumans [4] dataset provides

multi-view egocentric–exocentric recordings with challeng-
ing human motions, complex camera placements, and di-
verse indoor/outdoor environments. It offers accurate
SMPL annotations and synchronized multi-view imagery,
making it suitable for evaluating human–scene reconstruc-
tion under realistic, highly dynamic conditions.

To test the methods’ performance with the dynamic cam-
era setting, we filter and select the original dataset to 30-60
frame sequences according to the following metrics: 1) For
each sequence, we select one dynamic ego camera and three
static cameras. 2) For each sequence, we ensure that the
person appears in at least two cameras. We used the above
rules to filter the test set from the following sequences:
• 01 tagging: 006
• 02 lego: 004
• 03 fencing: 006
• 04 basketball: 006
• 05 volleyball: 006
• 06 badminton: 035
• 07 tennis: 006

In the Human Branch, we select some multi-view data
from EgoHumans to finetune our multi-view aware module
in the following sequences:
• 01 tagging: 001, 002, 003, 004, 005
• 02 lego: 001, 002, 003, 005, 006
• 03 fencing: 001, 002, 003, 004, 005
• 04 basketball: 001, 002, 003, 004, 005
• 05 volleyball: 001, 002, 003, 004, 005
• 06 badminton: 002, 003, 013, 014, 019
• 07 tennis: 001, 002, 003, 004, 005

EgoExo4D: The EgoExo4D [2] dataset contains large-



scale synchronized egocentric and exocentric recordings
capturing rich human motions, complex interactions, and
diverse real-world environments. Its multi-view configu-
ration and high-quality 4D annotations make it a strong
benchmark for evaluating holistic human–scene–camera re-
construction. From the full EgoExo4D dataset containing
4,481 video sequences, we restrict our evaluation to the
133 sequences that include EgoPose annotations. These an-
notated sequences provide synchronized 2D/3D keypoints
and camera poses, which are required for our evaluation
protocol and for ensuring fair comparison across meth-
ods. Sequences without EgoPose labels are excluded,
as they lack the necessary supervision for assessing hu-
man–scene–camera reconstruction quality.

EMDB: The EMDB [3] is a large-scale benchmark
designed for evaluating 3D human motion reconstruction
from monocular videos. It provides synchronized RGB
videos together with high-quality SMPL ground-truth anno-
tations obtained through multi-view capture setups. EMDB
contains diverse indoor and outdoor scenes, varying mo-
tion types, and challenging interactions that include self-
occlusion, fast movements, and significant depth ambigu-
ities. Its well-calibrated ground truth and realistic imag-
ing conditions make it a widely adopted dataset for assess-
ing both pose accuracy and trajectory consistency in single-
view human reconstruction methods. In our experiments,
we follow the standard EMDB-2 protocol and report WA-
MPJPE, W-MPJPE, and RTE for fair comparison.

2. Details of Methods
Identity association. For quantitative comparisons, we

use ground-truth identities to ensure fairness. For in-the-
wild video results in the supplementary, we use DEVA for
consistent identity associations.

Contact likelihoods. Contact is defined as near zero ve-
locity of hands and feet joints, following GVHMR. In the
training stage, contact likelihoods are supervised utilizing
ground-truth joint velocities. At inference time, they are
predicted by the human branch.

Anchor view selection. During training, the anchor
view is randomly sampled from the available views for gen-
eralization. During inference, we select the view with the
highest human detection confidence.

3. Single View Experiments and Visualization
3.1. Quantitative Results

As summarized in Table 1, TROPHIES achieves state-
of-the-art performance on the single-view EMDB-2 bench-
mark, despite being primarily designed for multi-view re-
construction. Compared with recent single-view methods,
TROPHIES reports the lowest W-MPJPE and WA-MPJPE,
outperforming strong baselines such as TRAM, GVHMR,

Table 1. Comparison with single-view reconstruction methods on
EMDB-2 [3]. TROPHIES, though designed for multi-view re-
construction, generalizes effectively to the single-view setting and
achieves state-of-the-art performance. Methods marked with * op-
erate in an online fashion.

Method EMDB-2 (24)
WA-MPJPE ↓ W-MPJPE ↓ RTE ↓

TRACE* [14] 529.0 1702.3 17.7
SLAHMR [10] 326.9 776.1 10.2
GLAMR [18] 280.8 726.6 11.4
JOSH3R* [6] 220.0 661.7 13.1
COIN [5] 152.8 407.3 3.5
Human3R* [1] 112.2 267.9 2.2
WHAM* [13] 135.6 354.8 6.0
GVHMR [12] 110.0 276.5 2.0
TRAM [16] 76.4 222.4 1.4
JOSH [6] 68.9 174.7 1.3
TROPHIES 68.3 172.3 1.3

and Human3R. Notably, TROPHIES obtains an RTE of 1.3,
matching or surpassing online systems that explicitly track
camera motion. These results highlight the robustness of
our human–scene–camera modeling and show that the pro-
posed multi-view formulation generalizes effectively even
when only a single input view is available.

3.2. Qualitative results

Figure 1 presents single-view reconstruction results in
EMDB-2 [3] obtained with TROPHIES. Despite operat-
ing with only one input view, TROPHIES produces stable
and temporally coherent human motion trajectories aligned
within the reconstructed scene. The SMPL bodies main-
tain consistent scale and articulation across time, allowing
the walking sequence to be visualized as a smooth motion
path rather than a collection of disjoint frames. Because our
framework leverages a parametric human prior and globally
aligned camera–scene estimates, the reconstructed poses re-
main well-grounded on the floor surface and avoid com-
mon failure cases such as foot penetration, floating limbs,
or drifting trajectories.

The overlay of the SMPL sequence on the static scene
further highlights TROPHIES ’s ability to disentangle hu-
man dynamics from static background geometry. Even in
the presence of partial occlusions and weak visual cues, the
model recovers physically plausible motion and preserves
consistent spatial placement. These visualization results
demonstrate that TROPHIES generalizes effectively to the
single-view setting, producing clean and interpretable hu-
man trajectories within a unified 3D scene.



(a)
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Figure 1. Single-view reconstruction results. (a) Visualization on the EMDB dataset, where TROPHIES recovers coherent human motion
and scene geometry from a monocular input. (b) In-the-wild single-view video results, demonstrating the robustness of our method under
unconstrained real-world conditions.

4. Additional Results

4.1. Quantitative Results

We add more quantitative results as shown in Table 2.
First, we finetune the human branch of HSfM [8] on Ego-
Humans, shown as HSfMψ . Second, we initialize humans
with GVHMR and camera geometry with CUT3R [15],
then run the same HSfM global alignment and optimization
module, shown as HGC ( HSfM + GVHMR + CUT3R ).

4.2. Qualitative Results

We provide extended qualitative results to further
demonstrate the effectiveness and robustness of TROPHIES
in diverse multi-view settings. As shown in Figures 2, 3,
4, 5, our method consistently reconstructs coherent human
motion, accurate camera trajectories, and detailed static
scene geometry across a wide variety of indoor and out-
door environments. These additional examples highlight
TROPHIES ’s ability to maintain multi-view consistency un-
der large baselines, cluttered backgrounds, and complex hu-
man interactions. Notably, both human pose sequences and
scene reconstructions remain stable and well-aligned even
in challenging cases with partial occlusion or rapid motion,
illustrating the strong generalization capability of our joint
human–scene–camera framework.

Discussion. Reconstructing humans directly as raw ge-

ometry is difficult due to deformable body motion, com-
plex clothing, and frequent self-occlusion. Scene-focused
methods that treat humans as unstructured dynamic surfaces
often introduce severe artifacts: Figure 6 (a) shows frag-
mented and noisy human geometry, while Figure 6 (b) illus-
trates common misclassifications where articulated limbs
blend into the background. These issues arise because raw
geometry lacks strong anthropomorphic priors, making it
difficult to maintain topological consistency or disentangle
human motion from surrounding context.

To better focus on the underlying human motion with-
out being distracted by clothing, loose garments, or appear-
ance variations, TROPHIES adopts the SMPL [7, 9, 11] as
the human representation. SMPL provides a compact and
structurally constrained space that naturally enforces cor-
rect articulation and consistent human topology, ensuring
that dynamic body motion remains clearly separated from
the surrounding static environment. This design minimizes
geometry noise, prevents body parts from blending into the
background, and supports more stable global alignment and
contact-aware optimization.

Importantly, SMPL abstracts away surface-level com-
plexities that often obscure the true motion patterns, allow-
ing TROPHIES to concentrate on recovering clean, inter-
pretable, and physically meaningful human dynamics. By
removing the confounding factors introduced by clothing



Table 2. Additional results on Egohuman dataset.

Results on EgoHumans W-MPJPE ↓ WA-MPJPE ↓ PA-MPJPE↓ Accel ↓ TE ↓ s-TE↓ RRA@50 ↑ RRA@100 ↑ CCA@50 ↑ CCA@100 ↑ s-CCA@50 ↑ s-CCA@100 ↑
HSFMψ 201.26 139.31 21.27 49.72 1.81 1.22 0.52 0.70 0.13 0.44 0.28 0.51
HGC 147.25 97.38 24.19 39.61 1.74 1.14 0.48 0.69 0.15 0.45 0.31 0.53
TROPHIES (CUT3R) 97.54 73.23 20.71 14.23 1.03 0.86 0.55 0.78 0.26 0.59 0.40 0.63

Figure 2. Multi-view outdoor results showing consistent human motion and stable scene geometry across wide baselines.

and visual appearance, SMPL enables a more principled
analysis of human movement and facilitates more reliable
downstream reasoning about human–scene interactions.

5. Limitation

Ego-view Cameras. In egocentric videos, rapid view-
point changes, motion blur, and unstable trajectories can
significantly reduce match reliability, leading to degraded
scene completeness or temporal inconsistency. Egocentric
datasets [4] often contain frames with different image reso-
lutions compared to common camera or strong distortions,
which further hinder robust correspondence extraction and
affect the accuracy of downstream reconstruction compo-
nents. Addressing these challenges will require more ad-
vanced feature matching under extreme viewpoint shifts,
better handling of variable-resolution inputs, and stronger
geometric or inertial priors for dynamic camera motion. We
believe incorporating such components would further im-
prove the robustness of TROPHIES.

Dynamic Objects. Human-aware attention mechanism
is limited to suppressing human motion only and does not

explicitly handle other dynamic objects in the scene. Ex-
tending the attention mechanism to general dynamic object
categories (e.g., objects with independent motion) is an im-
portant future direction, and could be achieved by incorpo-
rating more general motion or object segmentation cues.

Clothing. In some cases, clothing may not be seg-
mented cleanly, resulting in artifacts in the generated scene.
Body-level masks can be replaced with more complete hu-
man instance masks obtained from video segmentation or
jointly learned appearance-aware masking, enabling bet-
ter coverage of clothing and fine-grained human bound-
aries.
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Figure 3. Indoor multi-view reconstructions demonstrating accurate human–scene alignment in large, cluttered environments.

Figure 4. Studio examples illustrating robust multi-view consistency under challenging lighting and viewpoint changes.



Figure 5. Outdoor scenes highlighting TROPHIES ’s strong generalization in spacious areas and sparse camera setups.
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Figure 6. Common failure modes of directly reconstructing humans as raw geometry. (a) Dynamic body motion and complex clothing often
lead to fragmented or noisy human surfaces. (b) Articulated limbs may be misclassified as background, causing them to merge into the
static scene. These artifacts motivate our use of the SMPL model, which provides a structured human prior and avoids such degeneracies.
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