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A. Dataset Preprocessing

EE3D-R [25] and EE3D-W [26] datasets provide contin-
uous event streams without natural frame boundaries. To
make them suitable for training, we discretise the streams
into fixed temporal windows of 20 ms. Within each window,
we group events into batches of ~8 - 103, which provides
a balanced trade-off between temporal resolution and data
compactness. For each discretised segment, we generate a
frame-based LNES [31] event representation that preserves
polarity and temporal ordering. By creating these represen-
tations beforehand, rather than during training, we ensure
consistent frame counts across the continuous streams, and
this greatly improves the efficiency of data loading.

B. Pose Drift under Naive Fusion

In the naive fusion approach, the 3D pose at each timestep
is obtained by adding the predicted pose from the previous
timestep to the current delta pose; see Eq. (11). While sim-
ple, it leads to the accumulation of errors over time, espe-
cially when delta pose estimates are noisy or when pose pre-
dictions suffer from transient uncertainties. This error ac-
cumulation results in increasing drift, causing the predicted
poses to deviate from the ground truth as the sequence pro-
gresses. As shown in Fig. 6, the MPJPE steadily increases
under naive fusion, highlighting the drift. In contrast, the
direct pose method fluctuates due to its reliance on inde-
pendent predictions at each timestep, resulting in less con-
sistent performance. On the other hand, our learned fusion
approach remains stable and produces a consistently lower
error than both the naive fusion and direct pose methods, ef-
fectively mitigating drift and preserving accuracy over time.

C. Model Efficiency

We evaluate the efficiency of our approach compared to the
baselines in terms of parameter count, FLOPs, GPU mem-
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Figure 6. Pose drift over time. Comparison of learned fusion
(Eq. (15)), direct pose only (Eq. (8)), and naive fusion (Eq. (11))
across temporal sequence length. Naive fusion leads to rapidly
increasing drift, whereas our learned fusion effectively mitigates
this drift, maintaining stable accuracy over time.

ory requirement, and 3D pose update rate. As shown in
Tab. 5, our E-3DPSM incurs moderately higher computa-
tional cost than existing (more lightweight) baselines, yet
remains within the same order of magnitude and achieves
real-time performance on a single NVIDIA A6000 GPU. In
Tab. 6, we report a detailed per-module computational re-
quirement breakdown of our method, highlighting the pri-
mary contributors. Our design strikes a favourable balance
that enables substantial improvements in accuracy and sta-
bility while preserving real-time responsiveness. It demon-
strates that robustness under challenging motion and occlu-
sion can be achieved without sacrificing deployment feasi-
bility.

D. Additional Evaluations

D.1. Comparison with Kalman-Smoothed Baselines

In our method, the Kalman filter is a learned module used
for pose fusion inside the network, rather than a post-hoc
smoothing step. For fairness, we also apply inference-time
Kalman filtering (KF) to prior baselines, where it serves
only as an external temporal smoother. This experiment
reveals that our improvements cannot be attributed simply
to filtering, but to the way fusion is integrated and trained
within the architecture. As shown in Tab. 4, our approach
achieves substantially lower MPJPE and smoother predic-
tions compared to Kalman-smoothed baselines. These re-
sults confirm that the gains primarily arise from our design
for learned pose fusion and temporal modelling, which can-



Table 4. Comparison with Kalman-smoothed baselines on the
EE3D-R dataset. We apply inference-time Kalman filtering (KF)
to prior methods to rule out post-hoc smoothing as the main rea-
son for improvements. Our method achieves substantially lower
MPIJPE and esmooth, demonstrating that the performance is due to
the proposed architecture and not filtering in post-processing.

Method MPJPE | PA-MPJPE | egmooth |
EgoPoseFormer [44] with KF 144.27 92.32 37.11
EventEgo3D [25] with KF 107.23 82.54 15.78
EventEgo3D++ [26] with KF 100.98 75.57 13.98
Ours (Causal) 84.45 62.64 8.40

QOurs (Non-Causal) 81.32 60.21 6.65

Table 5. Model efficiency comparison in terms of parameters,
FLOPs, GPU memory, and 3D pose update rate in Hz (measured
on a single NVIDIA A6000 GPU).

Method Params | FLOPs| GPUMemory| Pose Update Rate 1
EgoPoseFormer [44] 141 M 55G 82 MB 130
EventEgo3D [25] 125M  416.84 M 25 MB 139
EventEgo3D++ [26] 125M  416.84 M 25 MB 139
Ours 6.64 M 8.16G 74 MB 80

Table 6. Detailed module-wise FLOPs breakdown.

Modules FLOPs
CNN Layers 7.05G
Deformable Attention 0.89 G
SSM 0.06 G
Query Decoder 0.15G
Pose Heads 1073 G
Fusion 1074 G
Total 8.16 G

not be replaced by external filtering applied after prediction.

D.2. Per-Joint and Per-Action Evaluation

We report detailed per-joint and per-action results on EE3D-
R [25] and EE3D-W [26] datasets. For each dataset, we
provide MPJPE and PA-MPJPE per body part together with
the mean across joints, as summarised in Tab. 14. Overall,
the trends mirror the aggregate findings in the main paper.
Improvements are consistent across nearly all joints, with
particularly large gains on distal joints such as wrists, an-
kles, and feet, which are challenging due to fast motion and
frequent self-occlusions.

We further break down performance by action classes
in Tab. 13 using the same metrics. The results demon-
strate consistent gains across diverse activities, including
dance, sports, and highly articulated motions; see Figs 13
and 14. Notably, the improvements are most pronounced
in occlusion-prone actions such as kicking, crawling, and
crouching. Additionally, the jitter plots of the end effector

Table 7. Training strategy ablation on the EE3D-R dataset. We
compare causal (forward) vs. non-causal (bidirectional) training
and different sequence lengths used during training.

Training Strategy MPJPE | PA-MPJPE | egmooth +
Training Directionality

Causal (Forward Only) 89.88 66.74 10.14
Non-Causal (Ours) 84.45 62.64 8.40
Pose Sequence Length (IN)

20 poses 86.25 65.62 9.76
30 poses 86.03 64.87 8.95
40 Poses (Ours) 84.45 62.64 8.40

joints on EE3D-R (Fig. 11) and EE3D-W (Fig. 12) highlight
the reduced jitter in these occlusion-heavy joints compared
to prior methods.

D.3. Occlusion-Only Evaluation

To quantify robustness under occlusions, we evaluate only
time steps and joints that are marked as occluded by
the dataset-provided visibility masks. We focus on end-
effectors that are most susceptible to self-occlusion and fast
motion: elbows, wrists, knees, ankles, and feet. For each
method, we report MPJPE, MPJPE-PA, and jitter plots re-
stricted to the occluded subset.

Tab. 12 summarizes the per-joint results for occluded
end-effectors on EE3D-R and EE3D-W. The numbers show
clear and consistent gains for our approach across all end-
effectors. Improvements are most pronounced at the distal
joints, such as wrists, ankles, and feet, where occlusions and
rapid movements typically cause large errors. This strong
performance under occlusions comes from the SSM blocks
used in SPEM. SSM maintains an internal latent state that
evolves smoothly over time, allowing the model to inte-
grate motion information across long temporal ranges. Dur-
ing occlusions—when spatial features are weak or absent—
the SSM maintains and propagates a coherent motion state
rather than relying solely on the current input. This tempo-
ral continuity helps preserve joint trajectories and reduce jit-
ter for occluded joints. Overall, the occlusion-only analysis
demonstrates that our method effectively mitigates failures
arising from self-occlusion, leading to more reliable pose
recovery under challenging visibility conditions.

E. Additional Ablations
E.1. Training Strategy

To assess the impact of the training strategy, we experi-
ment with directionality and sequence length on EE3D-R,
as summarised in Tab. 7.

Directionality. We compare causal (forward-only) training
with non-causal (bidirectional) training. In the causal train-



Table 8. Inference-time ablation on the EE3D-R dataset com-
paring different strategies for resetting internal states. We
evaluate resetting the SSM block states, resetting the Kalman fu-
sion states, and using continuous state evolution without resets
(ours).

State Reset Strategy MPJPE | PA-MPJPE | esmooth 4
SSM Reset (40 Frames) 104.56 81.24 15.20
Fusion Reset (40 Frames) 95.40 70.90 21.50
No Reset (Ours) 84.45 62.64 8.40

ing setup, SSM has access only to past observations. In
non-causal training, SSM incorporates both past and future
context (bidirectional) during training, and when evaluated
with causal inference, achieves lower errors and smoother
trajectories compared to causal-only training. This demon-
strates that bidirectional context at training time helps the
model learn stronger motion priors that continue to gener-
alise even when the model is deployed in a strictly causal
setting.

Pose Sequence Length. In this ablation, we vary the num-
ber of poses N used during training to study its effect on
temporal modelling. With N = 20, SPEM receives a
limited temporal context, which reduces accuracy and in-
creases jitter. Increasing the sequence length to N = 30 im-
proves accuracy and reduces jitter. Training with N = 40
poses yields the best overall performance, indicating that
longer sequences allow the model to learn richer motion dy-
namics and produce more stable and accurate predictions.

E.2. Internal State Reset

We study the effect of different inference-time state reset
strategies on EE3D-R. Since our model maintains internal
states in both the SSM blocks and the learned fusion mod-
ule, one natural question is whether these states should be
periodically reset to avoid drift. To investigate this, we
evaluate three settings: 1) resetting the SSM states every
40 frames, 2) resetting the Kalman fusion states every 40
frames, and 3) no resets, where states evolve continuously
across the entire test sequence.

As shown in Tab. 8, periodic resets do not yield benefits
and in fact can degrade performance, either by increasing
error or by reducing temporal smoothness. In contrast, con-
tinuous state evolution without resets achieves the best re-
sults, indicating that the model learns to regulate its internal
states without the need for manual intervention. This analy-
sis confirms that stability in our framework naturally arises
from learned dynamics and fusion mechanisms.

E.3. Different Event Representations

We analyse the influence of different event representations
on the pose estimation performance. Prior work by Gehrig
et al. [7] introduced a versatile end-to-end trainable voxel-

Table 9. Design choice study for event stream representa-
tion for learning on the EE3D-R dataset. We experiment
with learned voxel-based representation, learned LNES and fixed
LNES.

Event Representation MPJPE | PA-MPJPE | éegmooth 4

Learned Voxel-Based [7] 100.25 78.54 10.78
Learned LNES 93.78 71.12 9.14
LNES (Ours) 84.45 62.64 8.40

Table 10. Inference-time ablation on the EE3D-R dataset com-
paring the use of different 3D pose update rates frequencies.

Event Frequencies MPJPE | PA-MPJPE | egnooth +

20 Hz (50 ms) 87.45 63.74 11.90
25 Hz (40 ms) 84.57 62.80 9.49
50 Hz (20 ms) (Ours)  84.45 62.64 8.40

based event stream representation for learning. We ex-
tensively experimented with it in our framework at early
and intermediate project stages and found that it leads to
poor generalisation across datasets in our setting. We also
experimented with a Learned LNES variant of the static
LNES [31], where each 2D entry is assigned a learnable
weight based on its spatial-temporal coordinates (z,y, t)
and polarity p. These weights modulate local event aggre-
gation, emphasising informative motion boundaries while
suppressing noise. As shown in Tab. 9, the standard pre-
deined LNES [31] yields the best accuracy and temporal
smoothness. This suggests that structured, interpretable
representations, such as LNES, provide a strong inductive
bias for egocentric event-based pose estimation, achieving
robustness without additional learnable overhead. Over-
all, the question of whether pre-defined or learnable event
stream representations for learning are the best choices re-
mains problem-dependent and open in the broader context
of event-based vision.

E.4. Inference-Time Event Frequencies

Tab. 10 summarises the evaluation of the robustness of our
model to different event window durations (7") during infer-
ence, effectively varying the target 3D pose update rates.
Although the model is trained with an event window of
T = 20 ms (50 Hz), it maintains stable accuracy across
a wide range of frequencies without significant degrada-
tion. This flexibility is valuable for real-world deployment,
where event rates may vary due to motion dynamics or hard-
ware constraints.

We attribute this robustness to the event-specific S5
blocks [8], whose learnable timescale parameters dynam-
ically adapt to varying temporal resolutions. This capa-
bility allows the model to adjust to changes in the effec-



Table 11. Ablation of global and input/state-dependent covari-
ance learning for Q and R on EE3D-R dataset.

Learning Strategy MPJPE | PA-MPJPE |
Input/State Dependent 91.15 69.74
Global Learned (Ours) 84.45 62.64

Figure 7. Our head-mounted device setup. The device uses a
single fisheye egocentric event camera for input, NVIDIA Jetson
Orin Nano for onboard processing, and a portable powerbank for
standalone operation.

tive event rate, maintaining stable temporal modelling and
smooth pose evolution across different inference frequen-
cies.

E.S5. Learning Strategy for Q and R

We evaluate an input-dependent formulation of the process
(Q) and measurement (R) noise covariances by predicting
them with lightweight MLPs conditioned on feature embed-
dings F (see Sec. 4.1). Since F depends on the internal
latent state Z, the resulting Q and R are implicitly both
input- and state-dependent. As shown in Tab. 11, this vari-
ant performs worse than our proposed globally learned Q
and R. We observe that the latter act as stable, calibrated
priors for temporal fusion, whereas input-dependent covari-
ances introduce additional flexibility that leads to overfitting
and less stable filtering.

F. Head-Mounted Device and Real-Time Demo

We build a head-mounted setup following the specifications
of EventEgo3D++ [25, 26], with an additional down-facing
fisheye Ximea MUOS0OCR-SY RGB camera [42] for refer-
ence views and an NVIDIA Jetson Orin Nano Super Devel-
oper Kit for portable onboard processing (see Fig. 7).

For our real-time demo, we deploy the Jetson Orin Nano
with a power bank for fully portable operation, enabling
evaluation on in-the-wild sequences under low-light and
fast-motion scenarios. To visualise the predicted 3D poses,
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Figure 8. We plot the improvement in MPJPE obtained by increas-
ing the duration of temporal history k, showing how a longer past
context yields larger gains for occluded lower body joints.

we implement a lightweight client-server viewer over Web-
Sockets, where an iPad acts as the client device streaming
poses in real time (see Fig. 10). Our method operates reli-
ably on this portable setup, achieving ~30 Hz pose update
rates on real event streams (see our video 8:10-9:36). When
using a laptop equipped with an NVIDIA 3050 Ti carried in
a backpack, our method achieves ~50 Hz.

G. Past-Only Gain Analysis

To quantify how temporal history improves the accuracy of
occluded joints in our method, we introduce and calculate
the past-only gain (POG) metric, which is defined as fol-
lows. Let ¢ denote a timestep where a joint is currently oc-
cluded and has been fully visible for the previous N = 40
frames (t—N,...,t—1). We define k as the history length,
that is, the number of most recent visible frames before ¢
that the model is allowed to use when predicting the pose at
time ¢t. For instance, ¥ = 0 means the prediction uses no
temporal history, and k¥ = 40 means the prediction uses the
last 40 visible frames preceding the occlusion. For a given
joint and occluded timestep ¢, let MPJPEf denote the per-
joint MPJPE when using a history of length k. The POG is
defined as

POG(k) = MPIPE) — MPIPE!, (25)

which measures how much MPJPE is reduced at the same
occluded frame when the model has access to k£ frames of
past information. A positive value indicates that temporal
history improves occlusion accuracy. We compute this met-
ric for multiple history lengths k. For each k, we evaluate



Figure 9. Failure cases for different scenarios. (A) Strong self-occlusion crawl action, (B) interaction with objects, (C) other humans in
the FOV. External views are only for reference. Red: Predicted pose. Green: Ground truth. C visualises our prediction only (no ground

truth available). Inputs to E-3DPSM are egocentric LNES frames.

predictions at the exact same occluded timesteps ¢, com-
pute MPJPE?, and pair it with the baseline error MPJPEY.
Averaging these paired values across all selected occlusion
frames yields a POG plot for each joint.

The resulting plot Fig. 8 shows positive gains for lower-
body joints. The largest improvements appear for ankles
and feet, which undergo frequent occlusions in egocentric
settings. Increasing the history length produces progres-
sively lower MPJPE at occluded frames, indicating that the
model benefits from a richer temporal context. This con-
firms that our continuous state formulation effectively pre-
serves long-range motion structure and leverages it to re-
cover 3D human poses under severe occlusions.

H. Limitations

Fig. 9 shows challenging scenarios involving strong self-
occlusions during crawling (Fig. 9-A), interactions with ob-
jects (Fig. 9-B), and in the presence of other humans within
the field of view (Fig. 9-C). Such situations can lead to de-
graded 3D pose accuracy due to missing or ambiguous mo-
tion cues. In addition, abrupt illumination changes such as
flickering effects (see crouching in our video 7:50-8:06) can
lead to occasional temporal instability, particularly during
fast and complex motions. These limitations suggest sev-
eral directions for future work: Modelling occlusions ex-
plicitly and generative pose refinement could improve the
plausibility of 3D poses when observations are incomplete.

C @ fblcca573%a%.ngrok-free.app

Figure 10. Our real-time viewer. Screenshot of our iPad-viewer
showing the live event stream, reference RGB view, and the pre-
dicted 3D skeleton rendered in real time. Note that there is a trans-
mission delay of 3-5 poses.



Table 12. Quantitative results for occlusion-only end-effector joints for the EE3D-R and EE3D-W datasets.

Dataset Method Metric | \ Elbow Wrist Knee Ankle Foot Avg.
EgoPoseFormer [44] MPJPE 47.85 28.34 100.11 204.64 16994 110.18
& PA-MPJPE | 47.06 30.50 51.82 83.61 65.20 55.64
EventEgo3D [25] MPJPE 37.46 21.97 7920 156.93 13895 86.90
EE3D-R g ) PA-MPIJPE | 40.41 25.78 48.58 78.27 61.63 50.93
MPIJPE 34.41 20.87 81.73 158.51 146.62 88.43
EventEgo3D++ 201 by MPIPE | 37.80 2420 4848 7718 5990  49.53
Ours (Causal) MPJPE 2991 16.12 60.53 120.54 108.37 67.49
PA-MPJPE | 31.68 19.02 41.08 63.02 52.37 41.85
Ours (Non-Causal) MPJPE 28.84 15.54 5797 11594 105.18 64.69
“ PA-MPIJPE | 30.29 18.21 39.09 61.63 51.28 40.10
EgoPoseFormer [44] MPJPE 140.34 173.93 15729 177.07 181.12 173.01
& PA-MPJPE | 104.34 119.89 102.39 124.28 132.86 113.67
EventEgo3D [25] MPJPE 64.56 100.27 194.68 26490 174.81 159.04
EE3D-W v & ) PA-MPJPE | 61.44 101.60 76.81 105.15 79.18 84.84
EventEgo3D++ [26] MPJPE 61.73 84.95 177.79 242770 16794 147.42
entteo ' PA-MPJPE | 5728 87.80 7433 9553 7324  77.64
Ours (Causal) MPJPE 54.04 75.69 162.53 229.09 157.84 135.84
PA-MPJPE | 5291 80.24 70.06 92.96 69.78 73.19
Ours (Non-Causal) MPJPE 54.72 74.84 160.40 225.28 156.34 134.72
urs PA-MPJPE | 52.57 7874 6890 92.11 69.14 72.29
Table 13. Per-action quantitative results for the EE3D-R and EE3D-W datasets.
Dataset Method Metric | ‘ Walk  Crouch Pushup Boxing Kick Dance Inter. w/env. Crawl Sports Jump ‘ Avg.
EeoPoscE oy MPIPE | 12365 17560 18412 15045 12599 119.71 153.75 226.87 143.84 13698 | 154.09
goPoseFormer [441 b\ \pjpE ‘ 7870 107.19  109.20 10266 91.67 8674 87.95 111.85 9671  99.60 | 97.22
EventEeo3D [25 MPJPE | 7475 14426  109.58 141.19 10433  89.98 103.15 11830 108.23 10577 | 109.95
ventEgo3D [25] PA—MPJPE‘ 5592 9773 8740 10970 85.13  72.10 72.63 8587 8491  87.31 ‘ 83.86
EE3D-R 3 S MPIPE | 7152 15057 9354 12575 9846 8545 96.10 116,76 9871  97.10 | 103.39
EventEgo3D++ [26] PA—MPJPE‘ 5235 99.96 7112 9482 7993 6597 68.60 8129  76.16  76.56 ‘ 76.67
MPJPE | 57.12 12489 7577  97.07 $0.83 7188 83.54 91.78 8248 7778 | 84.31
Ours (Causal) PA-MPJPE ‘ 3949 8609  57.63 7461 6225 5284 59.37 65.66 63.02  60.52 ‘ 62.14
MPJPE | 5279 12108 7373 9406 7649 68.81 80.77 8842  79.60 76.01 | 81.17
Ours (Non-Causal)  p\ \ipjpE ‘ 3472 8353 5510 7166  59.12 5100 57.54 6349 6096 59.81 ‘ 59.69
- MPJPE | 17696 25127 26346 21526 18034 171.24 220.04 324.68 205.83 188.64 | 220.40
EgoPoseFormer [44] b\ \ipipE | 10625 14471 14741 13859 12375 117.10 118.74 151.08 13041 12830 | 130.45
e MPJPE | 19079 17579 17825 153.63 188.65 182.25 187.92 181.10  223.55 208.59 | 187.05
EventEgo3D [25] PA-MPJPE | 105.58 10745 11251  77.66 10143 108.35 101.95 98.08 122.16 112.70 | 104.78
EE3D-W ) MPIPE | 16632 15540 166.60 141.25 157.74 159.02 163.52 149.61  206.15 179.59 | 164.52
EventEgo3D++ (201 ps MpipE ‘ 9297 9760 10626 6518  85.14 100.38 91.47 8432 11347 104.90 ‘ 94.16
. MPJPE | 144.64 13875 14876 131.62 146.04 142.56 149.34 138.67 19247 168.50 | 150.13
Ours (Causal) PA-MPJPE ‘ 9039 9240  98.06 6429 7850 83.84 80.49 81.06 112.05 101.02 ‘ 88.21
. MPJPE | 141.57 13974 146.60 12955 140.42 138.85 145.99 13583 189.58 164.45 | 147.25
Ours (Non-Causal) PA—MPJPE‘ 8824 9140  96.60 6115 7456 8073 77.49 78.10  109.65 98.21 ‘ 85.61




Table 14. Per-joint quantitative comparison for EE3D-R and EE3D-W datasets.

Dataset Method Metric | ‘ Head Neck Shoulder Elbow Wrist Hip  Knee Ankle Foot | Avg.
EgoPoseFormer [44] MPJPE 1403 1739 1573 177.1  181.1 2126 169.8 1448 207.6 |173.00
PA-MPJPE | 1043 1199 1024 1243 1329 1119 1119 889 120.2 |113.70
EventEgo3D [25] MPIJPE 2349 2987 4020 91.67 153.17 69.99 120.96 179.02 201.42|110.39

EE3D-R PA-MPJPE | 49.27 41.63 4448  79.58 13353 55.66 83.45 108.78 125.26| 84.52
EventEgo3D++ [26] MPJPE 22.66 2936  40.03 77.86 12541 63.02 119.86 177.03 196.58 | 103.29
PA-MPJPE | 43.01 36.52 40.54 71.09 112.89 48.17 7938 105.13 119.58 | 77.07

Ours (Causal) MPIJPE 2240 2843 3912 6875 102.01 60.35 9231 135.29 152.37 | 84.45
PA-MPIPE | 34.79 29.57 36.70 59.08 85.87 44.28 64.16 82.27 96.64 | 62.65

Ours (Non-Causal) MPIPE 22.06 2844 3795 66.43 9821 57.79 87.87 130.06 147.01 | 81.32
PA-MPIPE | 33.41 28,57 3516 56.71 82.20 41.57 61.19 7994 93.95 | 60.21
EgoPoseFormer [44] MPJPE 200.10 210.15 198.70 220.13 21529 190.40 202.70 230.08 225.25|210.50
PA-MPJPE | 130.50 140.20 12892 13542 139.70 120.62 125.11 140.22 138.0 | 133.20
EventEgo3D [25] MPJPE 46.54 61.64 8257 145.81 228.19 161.96 239.96 315.86 335.56| 195.50
EE3D-W PA-MPJPE | 69.16 55.87 6548 102.11 184.56 76.49 9426 134.92 145.26 |108.20
EventEgo3D++ [26] MPJPE 44.87 56.67  74.02 12795 185.59 136.72 215.69 285.08 303.66 | 172.43
PA-MPJPE | 59.46 4949  59.01 90.39 15796 6435 9359 128.17 139.41| 98.42
Ours (Causal) MPJPE 4141 4936  73.62 114.31 166.56 125.08 193.57 267.04 285.31 | 158.86
PA-MPJPE | 56.83 46.48 5872  88.40 144.05 59.57 87.36 123.67 134.30 | 93.46
Ours (Non-Causal) MPIPE 43.74 5132 73.01 112.67 163.55 122.79 189.22 259.93 277.88 | 155.82
PA-MPJPE | 5595 4528 5746 8513 13842 58.55 85.02 121.06 130.62 | 90.86
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Figure 12. The per-frame average end-effector joint displacements

(Eq. (24)) for EE3D-W. Zoom recommended.

Figure 11. The per-frame average end-effector joint displacements

(Eq. (24)) for EE3D-R. Zoom recommended.
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Figure 13. Per-action qualitative comparison of our method with prior approaches on EE3D-W (challenging sequences). We
compare against EgoPoseFormer [44], EventEgo3D [25], and EventEgo3D++ [26]. Red: Predicted pose. Green: Ground truth.



Reference View Egocentric Events EgoPoseFormer EventEgo3D EventEgo3D++ Ours
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Figure 14. Per-action qualitative comparison of our method with prior approaches on EE3D-R (walk and further challenging
sequences). We compare against EgoPoseFormer [44], EventEgo3D [25], and EventEgo3D++ [26]. Red: Predicted pose. Green: Ground
truth.
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