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1. Description of the logarithmic and exponen-
tial maps

It is helpful to define two Riemannian geometric tools:
one for mapping points from the pre-shape space to a tan-
gent space, and another for mapping points from a tangent
space back to the pre-shape space. A pictorial description is
given in Fig. 1.
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Figure 1. Illustration of the logarithmic mapping to T'x (S)

Let X,Y € R™ ¥ be two skeletons residing on the n-
Sphere S. The first task can be achieved via the logarithmic
map also known as the inverse exponential mapping which
allows the unique mapping of any given point residing on
the manifold S to the tangent space, logy : S — Tx(S),
defined as Eq. (1) (for X, Y € S) where § = cos™ ({(X,Y))
is the arc-length distance between X and Y on the sphere
S. The second task is carried out via the exponential map,
expy : Tx(S) — S, defined as Eq. (2) (for X € S and

V € Tx(S)), where ||V|| = VVTV.

logy (V) =

(Y — cos(9)X) ()

Y = cos(||V|]) X +sin(V)— (2)
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2. Evaluation Metrics

To rigorously assess the performance of our pose esti-
mation models, we have used two evaluation metrics: the
Mean Per Joint Position Error (MPJPE) and the Mean An-
gle Error (MAE). These metrics have been instrumental in
quantifying the accuracy of joint position predictions and
orientation estimations, respectively. Employing these met-
rics has enabled us to conduct a detailed and nuanced eval-
uation of our models, ensuring that our findings are both
robust and reliable. The MPJPE is calculated as Eq. (3).

N
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where N is the number of processed joints, Z(4) the esti-
mated coordinates, and x(¢) the ground truth position of the
ith joint. For each joint, we compute the Euclidean distance
between the estimated coordinate and the ground truth co-
ordinate. Then, we take the mean of these distances across
all joints. In contrast, MAE is defined as Eq. (4).
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where 7 is the total number of observations, y; the observed
value, and z; the predicted value for the ith observation.



For each observation, we compute the absolute difference
between the predicted value (x;) and the actual value (y;).
Then, we take the mean of these absolute differences across
all observations.

Why Prefer MPJPE? By covering larger ranges of er-

rors, MPJPE provides a clearer comparison between differ-
ent models’ performance. It’s more sensitive to the nuances
of human movement, making it a superior choice for tasks
that require precise joint localization, such as motion cap-
ture and animation. MPJPE is a robust and descriptive met-
ric for evaluating pose estimation models, providing a de-
tailed assessment of positional accuracy. It is generally pre-
ferred when a holistic evaluation of a model’s accuracy is
required, making it an invaluable tool in the advancement
of human pose estimation technology.
Unlike the traditional MAE, which measures angular devi-
ation, MPJPE calculates the mean Euclidean distance be-
tween the estimated and actual joint positions in three-
dimensional space. This provides a more nuanced view of a
model’s performance, capturing the full complexity of hu-
man movement.

3. More Quantitative Results

We present the prediction results on all the contained ac-
tions in the H3.6m dataset for both short-term and long-term
prediction. These results provide sufficient information for
a detailed comparison of the algorithm development in fu-
ture works.

First, we present the MPJPE of various models on H3.6m
for short-term motion prediction, where the detailed results
of all actions are shown in Table 1. We see that MAN-TF
obtains superior performance at most timestamps. Com-
pared to the baselines, MAN-TF consistently achieves sig-
nificantly lower MPJPEs on average.

Long-term motion prediction aims to predict the poses
over 400 milliseconds, which is challenging due to the pose
variation and elusive human intention. Table 2 presents the
prediction MPJPEs of various methods at the 560 ms and
1000 ms on all actions. We see that MAN-TF achieves more
effective prediction on most actions and has lower MPJPEs
in average.

MPJPE for 5-Second Prediction Window. The rea-
son for choosing to represent 3D human pose in a non-
euclidean space is to achieve more accurate long-term pre-
dictions. While we reported the MPJPE errors at 1 second
which is the conventional long-term timestamp, it is useful
to demonstrate predictions for 5 seconds and beyond.

For the purpose of comparison, we have selected several
baseline models. Among the state-of-the-art methods de-
signed for long-term prediction, we chose HisRep [9] and
TIM-GCN [5]. HisRep is evaluated in two variants: His-
Rep10 which is recognized as the best model in [9] is trained
to output 10 frames and then iteratively uses the predicted

frames for extended predictions; and HisRep125 which di-
rectly predicts 125 future frames based on 150 past frames.
TIM-GCN is a model trained on subsequences of lengths
10, 50, and 100 frames, to predict 125 future frames to ac-
commodate longer-term predictions over 5 seconds. Addi-
tionally, we compare against LTMPUK [4], Mix&Match [1]
and DLow [14], state-of-the-art methods for multiple long-
term motion prediction, both trained to forecast 125 future
frames using 100 past frames.

To evaluate the accuracy of the predicted poses over a
5-second prediction window, we calculate the Mean Per
Joint Position Error (MPJPE). Given that our model pre-
dicts 125 future frames and assuming a frame rate of 25
frames per second (fps), the 5-second duration corresponds
to 125 frames. For each frame ¢ in the prediction window,
we compute the euclidean distance between the predicted
and ground truth joint positions for each joint j. We refer
this error by Error; ;. Next, we sum these errors for all joints
and average them to obtain the MPJPE for frame ¢ (Eq. (5))
where [V is the total number of joints.

N
1
MPJPE,; = — Z Error; (5)
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Finally, we average the MPJPE values across all 125 frames
to derive the overall MPJPE for the 5-second prediction
window as follows:
125
MPIJPEsgec = — MPJPE 6
e = To ; ’ (©6)

This metric allows us to quantitatively assess the perfor-
mance of our models in long-term motion prediction tasks.
In table 3, we evaluate the MPJPE losses of the predicted
sequences. We observe that our method outperforms the
others in having low MPJPE and our performance is no-
ticeably better. Additionally, these experiments confirm the
efficacy of combining these two representations.

Methods Ssavel
TIM-GCN [5] 196
HisRep10 [9] 197
HisRep125 [9] 191
Mix&Match [1] 244
DLow [14] 189
LTMPUK [4] 196
Ours (MAN-TF) 185
Ours (MAN-TF Lie alone) 194

Ours (MAN-TF Kendall alone) 193

Table 3. Results on the MPJPE errors on the H3.6m dataset. Lower
MPIJPE values indicate closer predictions to ground truth future
motion. We have highlighted close best results in bold.



Table 1. Prediction MPJPEs of various models for short-term motion prediction on H3.6m and the average MPJPEs across all the actions.

Methods ‘Walking Eating Smoking Discussion

80ms  160ms 320ms  400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms  400ms
Res-sup [11] 29.36 50.82  76.03 81.52 | 16.84 30.60  56.92 68.65 | 2296 42.64 70.24 83.68 | 3294 61.18  90.92 96.19
CSM [6] 2170 4356 6629 7548 | 1450 26.13 4747 5563 | 1942 3770 6249  68.55 | 2635 5341 79.12  83.01
SkelNet [3] 2049 3436 59.64 6876 | 11.80 2238 39.88  48.11 | 11.33 2371 4530 5285 | 21.79 4024  65.93 77.91
DMGNN [§] 17.32 30.67 5456 6520 | 1096 21.39  36.18 4388 | 897 17.62 3205 4030 | 1733 3478 6103  69.80
Traj-GCN [10] 1229 2303 3977 4612 | 836 1690 33.19 4070 | 7.94 1624 3190 3890 | 1250 2740 5851  71.68
HisRep [Y] 10.53  19.96 3488  42.05 7.39 15.53 31.26 38.58 717 1454 2883 35.67 | 1089 25.19  56.15 69.30
MSR-GCN [2] 1216 22.65 38.64 4524 | 839 1705 33.03 4043 | 802 1627 31.32 3815 | 1198 2676 57.08 69.74
STSGCN [12] 1626 2463 4006 4594 | 1432 2214 3791 4503 | 13.10 2020 3771 44.65 | 1433 2428 5262 6853
SPGSN [7] 10.14 1939 3480 4147 7.07 14.85 30.48 37.91 6.72 13.79 2797 34.61 | 1037 2379 53.61 67.12
EqMotion [13] 9.0 17.5 32.6 39.2 6.3 13.6 28.9 36.5 55 113 23.0 29.3 82 18.8 42.1 53.9
MAN-TF 827 1647 2581 385 | 682 1232 2679 3511 | 1292 1547 2242 2819 | 7.68 1266 34.69 50.32
MAN-TF(Lie alone) 1476 2553 2841 4092 | 1033 2126 2799 4222 | 1563 24.63 3151 36.25 | 11.84 1885 4255 54.69

MAN-TF(Kendall alone) 13.64 2442 2729 3905 | 1025 21.17 2795 4222 | 1652 2353 3054 3523 | 1072 17.86 4147 5354
MAN-TF (Euclidien space) | 1491 2558  30.34  41.61 | 1042 21.07 2887 43.02 | 16.73 2494 31.60 37.14 | 11.56 19.80 4359 5579

Methods Directions Greeting Phoning Posing

80ms  160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms  400ms
Res-sup [11] 3536 5727 7630 87.67 | 3446 6336 12460 14250 | 37.96 69.32 11500 126.73 [ 36.10 69.12 130.46 157.08
CSM [6] 27.07 4472 6394 7537 | 28.63 60.69 11925 139.92 | 25.66 40.13  63.06  78.01 | 22.02 4034 93.65 119.32
SkelNet [3] 1606 27.12 6297 7275 | 2471 5690 111.74 13425 | 1891 34.69 5934  72.09 | 18.51 34.67 80.83  106.39
DMGNN [5] 13.14 2462 6468 81.86 | 2330 5032 107.30 132.10 | 1247 2577 4808 5829 | 1527 2927 7154  96.65
Traj-GCN [10] 8.97 19.87 4335 53.74 | 18.65 38.68 7774 9339 | 1024 21.02 4254 5230 | 13.66 29.89  66.62 84.05
HisRep [9] 777 1823 4134 5161 | 1547 3404 7377 8890 | 978 2098 39.81 5087 | 1323 2770 63.68  81.82
MSR-GCN [2] 861  19.65 4328 53.82 | 1648 3695 77.32 9338 | 10.10 2074 4151 5126 | 1279 2938 6695  85.01
STSGCN [12] 1424 2427 4424 5321 | 1502 30.70 67.11 87.63 | 14.88 2140  46.55 52.03 | 15.01 2569 58.38 73.08
SPGSN [7] 735 17.15  39.80 5025 | 1464 3259 70.64 8644 | 867 1832 3873 4846 | 1073 2531 5991 7646
EqMotion [13] 6.3 15.8 389 50.1 127 301 68.3 852 74 16.7 36.9 47.0 8.2 189 434 57.5
MAN-TF 575 13.03 334 47.5 936 2676 5322 6815 | 6.07 1422 3571 46.6 1448 2519 40.56  56.18
MAN-TF(Lie alone) 920 1775 39.08 4943 | 1731 29.84 6255  71.89 | 1071 1598 4031  50.08 | 1635 27.05 4255 5823

MAN-TF(Kendall alone) 809 16.82 3806 4895 |17.23 2876 6131  72.84 | 10.66 15.99 41.5 51.09 | 1533 2602 4157 5739
MAN-TF (Euclidien space) | 1206 18.71  39.58  50.17 | 1838 30.84 6405 7545 | 11.70 1624 41.19 51.76 | 1557 2735 4381 59.08

Methods Purchases Sitting Sitting Down Taking Photo

i 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms  400ms
Res-sup [11] 36.33 6030  86.53 9592 | 4255 8140 13470 151.78 | 4728 85.95 14575 168.86 | 26.10 47.61 81.40 9473
CSM [6] 2569 4785 8249 9390 | 2225 3467 5872 7580 |23.67 51.76 102.93 11947 | 2029 3892 6l1.14 7740
SkelNet [3] 21.04 4059 7997 8866 | 1555 2870 4935 6287 | 17.64 38.88 8530 10171 | 1574 3283 4862  63.90
DMGNN [§] 21.35 3871 75.67 82.74 | 1192 25.11 44.59 50.20 | 1495 32.88 77.06 93.00 | 13.61 2895 4599 58.76
Traj-GCN [10] 15.60 3278 6572 7925 | 1062 21.90 4633 5791 | 16.14 31.12 6147 7546 | 9.88 2089 4495 56.58
HisRep [9] 1463 3281  65.18 7827 | 1021 2036  43.68 53.62 | 1554 2997 5931 7225 | 9.09 20.10 44.60 5572
MSR-GCN [2] 1475 3239  66.13 79.64 | 10.53 2199  46.26 57.80 | 16.10 31.63 6245 76.84 | 989  21.01 44.56 56.30
STSGCN [12] 1526 2627 6345 7425 | 1519 2295 4682 5834 | 1670 2805 56.15 72.03 | 16.61 24.84 4598  61.79
SPGSN [7] 1275 2858 6101 7438 | 928 1940 4225 5356 | 1418 2772 5675 7074 | 879 1890 4149 5266
EqMotion [13] 11.2 26.8 60.5 75.2 8.1 18.0 41.2 529 13.0 26.5 56.2 70.7 79 17.7 40.9 52.8
MAN-TF 1114 2461 569  73.61 | 9.08 1856  38.6  49.55 | 1434 2585 5589 69.24 | 8.19 1677 39.93  50.82
MAN-TF(Lie alone) 1206 2568 5721 76.69 | 10.18 1937 41.94 5299 | 1549 2657 5877 7298 | 9.13 17.63  40.62 52.45

MAN-TF(Kendall alone) | 13.09 2671 5838  77.99 | 1022 1942 42,12 53.17 | 15.60 2658 58.68 7191 | 927 1871 41.71 52.54
MAN-TF (Euclidien space) | 14.12  28.55 6042 7859 | 11.21 2028 4278 5392 | 1571 27.65 5891 73.09 | 9.14 19.68 4237 52.78

Methods ‘Waiting Walking Dog ‘Walking Together Average

80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms  400ms
Res-sup [11] 3062 57.82 10622 12145 | 64.18 102.10 141.07 16435 | 2679 5007 80.16 9223 [ 3466 6197 101.08 11549
CSM [6] 19.14 3311 69.72 9521 | 5867 97.36 129.74 15857 | 22.60 38.51  71.13 8437 | 25.17 4592 78.08 9333
SkelNet [3] 1631 2990  63.86 84.59 | 5461 9323 12412 15579 | 19.01 3240 63.35 73.18 | 20.23 38.04  69.35 84.25
DMGNN [§] 1220 2417 59.62  77.54 | 47.09 9333 160.13 17120 | 1434 26.67 50.08 63.22 | 1695 33.62 6590  79.65
Traj-GCN [10] 1143 2399 5006 6148 | 2339 46.17 8347 9596 | 1047 21.04 3847 4519 | 1268 2606 5227 6351
HisRep [9] 10.58 2375 4930 6026 | 21.77 4338 78.53  90.21 9.88 19.51 35.91 42.60 | 11.60 2440 49.75 60.78
MSR-GCN [2] 10.68 23.06 4825 59.23 | 20.65 4288 80.35 9331 | 1056 2092 3740 43.85 | 12.11 2556 51.64 6293
STSGCN [12] 1630 2733 4812  59.79 | 16.48 37.63 7060 8633 | 11.38 2239 3990 4748 | 1534 2552 50.64  60.61
SPGSN [7] 9.21 1979 43.10  54.14 | 17.83 37.15 71.74 84.91 8.94 18.19  33.84 4088 | 1044 2233  47.07 58.26
EqMotion [13] 7.6 174 39.9 51.1 166 364 72.5 86.2 7.8 16.1 30.6 37.1 9.1 20.1 437 550
MAN-TF 9.82 1824 3567 49.39 | 1519 3477 69.82 8475 | 823 1652 29.67 3614 | 9.82 1943 3994 5227
MAN-TF(Lie alone) 10.83  23.06 37.33 5275 | 1835 3739 7273 8929 | 9.18 2059  36.18 4339 | 1276 2341 4398  56.28

MAN-TF(Kendall alone) 1072 2289 3630 51.65 | 17.39 3626 7149 8324 | 893 1948 3507 4236 | 1251 2297 4356  55.88
MAN-TF (Euclidien space) | 11.01 2395 39.38  53.87 | 1938 3854 7291 9103 | 10.17 21.70 3647 43.61 | 1347 2432 4508 57.39

Table 2. Prediction MPJPEs of methods for long-term prediction on H3.6m and the average MPJPEs across all the actions.

Methods Walking Eating king I Directions Greeting Phoning Posing
560ms  1000ms | 560ms  1000ms | 560ms  1000ms | 560ms  1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms  1000ms
Res-sup [11] 81.73  100.68 | 79.87 10020 | 94.83  137.44 | 12130 161.70 | 110.05 15248 | 15632 18429 | 143.92 186.79 | 16541  236.79
CSM [6] 78.04 9458 | 72.14  96.87 | 66.61 89.80 | 108.20 14213 | 97.80  132.82 | 151.50 175.37 | 83.46  127.55 | 137.72  210.90
SkelNet [3] 7358  91.84 | 63.58  90.88 | 58.96  80.53 | 98.28  135.68 | 93.77  124.89 | 148.38 168.06 | 7542 11334 | 131.90 196.21
Traj-GCN [10] 5405 5975 | 5339 7775 | 5074 72.62 | 91.61 121.53 | 71.01  101.79 | 113.87 14519 | 69.55 104.19 | 11452 171.10
DMGNN [8] 71.36  85.82t | 58.11 86.66 | 50.85 7215 | 81.90 106.32 | 102.06 13575 | 14451 170.54 | 7133  108.37 | 12545 188.18
MSR-GCN [2] 5272 63.05 | 5254 7711 4945  71.64 | 88.59  117.59 | 71.18  100.59 | 11624 14723 | 6828  104.36 | 11626  174.33
STSGCN [12] 57.64  66.74 | 5846 7508 | 5555  74.13 | 8420 107.74 | 75.61 109.89 | 79.32 103.75 | 79.19 109.88 | 80.82  107.58
SPGSN [7] 46.89 5359 | 4976 7339 | 46.68  68.62 | 89.68 11855 | 70.05 100.52 | 11098 14321 | 66.70 10252 | 11034  165.39
EqMotion [13] 434 52.8 484 73.0 41.0 63.4 75.3 105.6 70.4 101.3 108.7 142.0 64.7 101.0 84.9 139.4
MAN-TF 40.4 50.6 473 72.9 39.8 62.7 73.1 104.3 68.4 99.8 89.2 107.8 61.8 99.9 79.6 109.7
MAN-TF(Lie alone) 4280 5433 | 5346 7543 | 4541 64.84 | 78.14 11439 | 7230 103.57 | 93.16 118.05 | 6525 10432 | 86.39  118.15

MAN-TF(Kendall alone) 41.70 53.17 5242 76.49 44.46 63.83 77.04 112,51 | 7129 10220 | 93.05 117.95 | 64.22 10443 | 87.47 119.21
MAN-TF (Euclidien space) | 43.53 55.19 53.20 77.37 46.19 65.71 79.43 114.63 | 72.17 103.62 | 95.08 119.22 | 66.97 105.27 | 89.20 120.10

Methods Purchases Sitting SittingDown TakingPhoto Waiting ‘WalkingDog ‘WalkingTog Average

i 560ms  1000ms | 560ms  1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms [ 560ms  1000ms
Res-sup [11] 119.36 17692 | 166.20 185.16 | 197.09  223.58 | 107.03 16238 | 126.70  153.14 | 173.61  202.31 94.51 11048 | 129.19  164.96
CSM [6] 11344 167.61 | 98.04 13470 | 148.87 196.75 | 94.75 14452 | 106.03 125.60 | 168.71 183.42 | 93.90  106.60 | 107.94 141.95
SkelNet [3] 109.51 15572 | 84.76  127.11 | 125.89 184.24 | 86.43  130.41 | 90.49  112.02 | 166.65 176.79 | 79.07  99.25 | 99.11  132.46
Traj-GCN [10] 99.24  137.28 | 77.63  118.36 | 100.91 157.32 | 78.73  120.06 | 79.08  103.83 | 138.24 150.63 | 51.67  61.10 | 81.07  113.01
DMGNN [8] 104.86  146.09 | 7551 11544 | 118.04 17405 | 78.38  123.65 | 8554  113.68 | 183.20 210.17 | 70.46 86.93 | 93.57 127.62
MSR-GCN [2] 101.63  139.15 | 78.19  120.02 | 102.83 15545 | 77.94 121.87 | 7633 10625 | 111.87 14821 | 52.93 65.91 81.13  114.18
STSGCN [12] 87.10  119.26 | 8232  119.83 | 92.60 129.67 | 87.70  119.79 | 86.41  118.04 | 86.79  118.33 | 75.33 95.83 80.66  113.33
SPGSN [7] 96.53  133.88 | 75.00 116.24 | 98.94 149.88 | 7558 11822 | 7350 103.62 | 102.37 137.96 | 49.84  60.86 | 77.40  109.64
EqMotion [13] 93.5 134.5 74.7 116.6 98.1 149.9 76.7 122.0 71.4 104.6 104.8 1412 445 56.0 73.4 106.9
MAN-TF 89.6 1224 72.2 114.8 95.8 1429 74.8 116.5 704 10228 | 858 117.3 43.2 55.8 68.76  98.65
MAN-TF (Lie alone) 96.01 12778 | 7652  116.74 | 10475 14836 | 81.91  120.03 | 79.38  109.33 | 89.86  121.59 | 51.21 63.06 | 74.44 10401

MAN-TF(Kendall alone) 97.21 128.87 | 77.65 117.86 | 103.70 147.26 | 82.06  121.08 | 78.33 105.14 | 88.75 119.64 | 50.23 62.75 73.97 103.49
MAN-TF (Euclidien space) | 98.09  129.64 | 77.83 117.95 | 10472 14933 | 8342 121.47 | 80.63 110.58 | 91.15 124.37 | 51.94 63.52 75.57 105.19
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