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Supplementary Material

A. More Details on the Evaluation Datasets

Subset of SLOPER4D [3]. The publicly released
SLOPER4D evaluation set contains six sequences. Among
these, we select three for our experiments based on
whether they trigger the bundle adjustment keyframe limit
in DROID-SLAM [6] and DEVA tracking limit [2]. The
selected sequences are:

seq008_running 001, seq007_garden_001,
seq005 _library_002.

As reported in Tab. 5, we evaluate on this same subset
with TRAM or fair comparison.

Subset of EMDB2 [4] with pronounced inter-frame mo-
tion spikes. To highlight the effectiveness of our method in
rectifying SLAM failures (e.g., jumping errors and motion
spikes), we identify and evaluate on EMDB?2 sequences that
suffer from pronounced inter-frame motion spikes, as sum-
marized in Tab. 2. A sequence is considered to contain a
motion spike if the initial SLAM trajectory exhibits instan-
taneous camera velocity exceeding 10 m/s, which we treat
as jitter-induced outlier motion. The sequences filtered un-
der this criterion are:

P2/19_indoor_walk_off-mvs,
P2/20_outdoor_walk, P3/27_indoor_walk_off-mvs,
P3/30_outdoor _stairs_down,

P4/35_indoor_-walk, P4/37 _outdoor_run_circle,
P6/48_outdoor _walk_downhill,

P6/49 _outdoor_big _stairs_down,

P9/78 outdoor _stairs_up_down.

B. Additional Visualization on SLOPER4D

We provide additional qualitative visualizations of global
human motion on the SLOPER4D dataset [3] to further il-
lustrate the effectiveness of HumanBA. The examples be-
low show that our approach produces more accurate and sta-
ble world-space human trajectories compared to TRAM [7].

C. Discussion

In this section, we provide additional discussion about our
method as follows:

1) Why not use the full SMPL mesh as BA land-
marks? The SMPL [5] model contains 6890 vertices,
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Figure 8. Additional qualitative results of global human motion on

SLOPER4D dataset [3]. HumanBA recovers more accurate and
stable world-space human trajectories compared to TRAM [7].

whereas DROID-SLLAM [6] operates on a 64 x 48 internal
feature map. Using all mesh vertices as BA landmarks is
therefore problematic: many vertices—including points on
the front and back of the human body that lie at very differ-
ent depths—would project onto the same feature-map cell,
leading to ambiguity and degraded optimization. As shown
in Sec. 5.2 and Tab. |, more landmarks do not necessarily
lead to better BA performance; what matters is the relia-
bility of the constraints. Hence, we use only the 24 body
joints as landmarks and apply our adaptive, motion-aware
confidence weighting (Sec. 4.3), which proves effective in
experiments (Sec. 5).

2) Differences from BA-Track [1]. BA-Track and Hu-
manBA share the intuition that dynamic foreground motion
is not inherently harmful to SLAM. However, BA-Track
is object-agnostic and relies on generic dynamic 3D point
tracking, which is computationally heavy and less suitable
for long human-centric videos. HumanBA instead exploits
human-specific priors through a parametric body model,
making it substantially lighter and more scalable. More-
over, HumanBA is designed to let global human motion and
global camera motion reinforce each other inside BA.

Since BA-Track is not human-centric and does not re-
port human metrics, we compare camera accuracy only. As
shown in Tab. 7, BA-Track performs worse on highly dy-
namic human videos, while HumanBA benefits from struc-
tured kinematic priors that provide more stable constraints.



Method indoor_walk_off_mvs  outdoor_stairs_up

ATE-S| ATE|  ATE-S| ATE]
BA-Track 1.72 0.89 3.52 0.27
Masked DROID + HumanBA (ours) 0.36 0.18 0.60 0.13

Table 7. Comparison with BA-Track on camera metrics.

3) Robustness to noisy HMR estimates. HumanBA is
designed to be robust to imperfect HMR predictions rather
than assuming accurate human pose input. We treat human-
derived anchors as soft constraints with adaptive confi-
dence, instead of trusting all human observations equally.
As shown in Fig. 9, HumanBA still provides gains under
varying HMR quality, while removing the adaptive weight-
ing leads to more noticeable degradation. This shows that
the benefit of HumanBA comes from selectively using reli-
able human cues, not from assuming perfect HMR.
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Figure 9. HumanBA remains effective under different HMR accu-
racy levels.

4) Why are the improvements on camera poses some-
times limited? HumanBA is not intended to replace dense
SLAM correspondences, but to complement them in chal-
lenging cases. When the background is sufficiently textured
and masking is accurate, the SLAM backend already has
enough static evidence, leaving less room for improvement.
In contrast, HumanBA is more helpful when masking re-
moves many observations or when the human occupies a
large fraction of the image. Fig. 10 shows that the gain be-
comes more pronounced as human foreground occupancy

increases.
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Figure 10. HumanBA helps more when the human occupies a
larger image area.

5) Detailed runtime. HumanBA is lightweight in prac-
tice. As shown in Tab. 8, our method takes 9.7 minutes per
1000 frames, including 1.5 minutes for initialization and 8.2
minutes for HumanBA itself. This is substantially faster

than SLAHMR [8] and also much more efficient than BA-
Track.

SLAHMR
Runtime / 1000 frames 402 min
Breakdown

BA-Track HumanBA (ours)
>33 min 9.7 min
BA: 33 min Init: 1.5 min; HumanBA: 8.2 min

Table 8. Runtime comparison per 1000 frames.

6) Behavior on long and ultra-long sequences. Hu-
manBA successfully processes all EMDB videos in our
experiments, which contain up to roughly 2000 frames.
The few failures we observed only arise on ultra-long
SLOPER4D sequences exceeding 6000 frames, and are
caused by the keyframe-budget limit of the SLAM backend
rather than HumanBA itself. In principle, HumanBA can
be combined with sliding-window BA, hierarchical pose
graphs, or more lightweight backends without changing the
core idea.

7) Why not jointly optimize human pose (or human
anchors) inside BA? We also tried jointly optimizing the
human anchor, but it slightly degrades both camera and hu-
man metrics, as shown in Tab. 9. This is likely because
camera and human variables begin to compensate for each
other, weakening the constraints for camera refinement. To
avoid this, HumanBA keeps the human estimates decoupled
and instead uses adaptive weighting to suppress unreliable
human constraints.

Method ATE-S| ATE| W-MPJPE| WA-MPJPE|
Jointly optimize human anchor 0.739  0.384 199.05 70.64
Masked DROID + HumanBA (ours) 0.682 0.358 195.97 70.10

Table 9. Effect of jointly optimizing human anchors.
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