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Supplementary Material

A. Additional Fine-tuning Demonstrations
A.1. Real-world validation:

Monocular motion capture learning
Since our main experiments purely centred around 3D an-
notations, we seek to demonstrate here the effectiveness of
PUMPS with regards to handling real-world data. Specif-
ically, we observe the importance of motion synthesis pre-
training for the video-to-skeletal motion task, i.e. monocu-
lar motion capture. We approach this task in an end-to-end
manner for the purposes of validating real world data, using
a ViT-L/16 image encoder [1] to extract frame-wise image
features as input conditions, followed by our PUMPS ΦLMS

architecture to produce the motion capture prediction. The
Human3.6M dataset is used for both training and testing.

Figure 1. Motion capture results produced by a PUMPS model
trained from scratch, (top skeletal row) compared to a fine-tuning
process from pre-trained weights (middle skeletal row).

From Fig. 1, we can observe a clear improvement in
motion capture predictions with a fine-tuning approach.
The incompleteness of monocular video conditions (i.e.
occlusion and lack of depth data) places the burden of
understanding natural motion behaviours on the synthesis
model. Given this notion, the provision of this understand-
ing through pre-trained weights significantly improves the
MPJPE of the resulting model, which is reflected visually
through the closer adherence to the ground truth’s body po-
sition. L2Q rotational error also observes an improvement,
though mostly through positional improvements, as roll ro-
tation understanding of the pre-trained PUMPS model re-
mains quite limited due to its obscure presence in TPCs.

A.2. Semantic learnability of latent space:
Text-to-motion diffusion

Our exploration of our model’s motion synthesis capabili-
ties has thus far been limited to spatially defined conditions.
As such, we seek to complete our analysis by demonstrat-

ing our model’s ability to facilitate motion synthesis from
non-spatial inputs. Using semantic text conditions, we train
a new latent diffusion model based on FLAME [4], with
the objective of reconstructing latent features produced by
our PUMPS encoder Φenc. To train this model, we use text-
motion pairs from the HumanML3D dataset [3], which con-
tains text annotations for a subset of AMASS data.

Figure 2. Diffusion-based text-to-motion samples produced by our
PUMPS-based FLAME checkpoint.

The example evaluations produced by the resulting
FLAME diffuser model show a clear pairing between hu-
man action descriptions and TPC representations of mo-
tions. Crucially, despite the unstructured nature of point
clouds, our latent space provides an adequate foundation
for transforming TPCs to produce diverse, human-like, and
conditionally adherent pose sequences, comparable to be-
haviours exhibited on fixed skeletal structures. In future
work, we seek to devise approaches for extracting 3D point
cloud-based pose data from video representations of real-
world motions, which would enable the possibility of incor-
porating much larger video annotation datasets for PUMPS-
based text-to-motion learning.

B. Algorithmic Definitions
B.1. Quaternion-based Representations and

Forward Kinematics
A quaternion q = [w, x, y, z] consists of a scalar part w and
a vector part [x, y, z]. When normalised, quaternions pro-
vide a stable and compact representation for 3D rotations.

Rotating a 3D coordinate p using a unit quaternion q is
performed through quaternion conjugation:

rotate(p,q) = qpq−1,



where p is treated as a pure quaternion [0,p], and q−1 is
the quaternion inverse, which for unit quaternions is simply
the conjugate: q−1 = [w,−x,−y,−z] if |q| = 1.

A skeleton comprises a tree hierarchy of joints, where
each non-root joint j has a parent joint k. Using forward
kinematics, the position and orientation of each joint in
world coordinates can be computed by propagating trans-
formations through the skeletal hierarchy.

Each joint j has a local rotation quaternion qj , which
defines its orientation relative to its parent joint. The global
rotation qglobal

j of the joint is computed recursively as:

qglobal
j = qglobal

k · qj ,

where qglobal
k is the global rotation of the parent joint. For

the root joint, the global rotation is simply qglobal
root = qroot.

Each joint also has a local translation tj = [tx, ty, tz],
representing its offset relative to its parent joint. The global
position pglobal

j of the joint is computed recursively by ap-
plying the parent joint’s global rotation to the local transla-
tion, then adding the parent’s global position:

pglobal
j = pglobal

k + rotate(tj ,q
global
k ),

where qglobal
parent(j) rotates the local translation into the global

coordinate system. This is the forward kinematics equa-
tion. For the root joint, pglobal

root = troot.
Finally, to extend joint definitions into bones, we simply

provide a joint j with a 3D tail position ttail
j , which is de-

fined relatively to pglobal
j . The joint tail’s global position can

be obtained as if the joint head, i.e. pglobal
j , was the parent

of the tail position:

ptail
j = pglobal

j + rotate(ttail
j ,qglobal

j ),

This allows us to define the bone form of j as a line seg-
ment [pglobal

j ,ptail
j ], with a rotation of qglobal

j . For clarity, j
will be referring to its bone form from this point on.

B.2. Skeleton to Temporal Point Cloud
We follow the same TPC sampling method as described in
Mo et al. [5]. The method involves defining a set of points
within the proximate volume of each bone of the skeleton,
and obtaining the global positions of each point via forward
kinematics based on the skeleton’s motion.

To produce any given point for the TPC from a skele-
ton, we define a local translation of a point p relative to
the head of its associated bone j. First, we select a posi-
tion along the bone’s line segment using α ∼ U[0,1], where
α = 0 and α = 1 correspond to the head and tail po-
sitions respectively. Next, we offset this position using a
random 3D vector β ∈ R3 from a Normal distribution of

N (µ = 0, σ ∈ [0.025, 0.075]). Formally, the local transla-
tion of point p is sampled as:

tp = αttail
j + β

The global position of p is evaluated in the same forward
kinematics manner as the joint tail’s global position:

pp = pglobal
j + rotate(tp,q

global
j ),

The temporal point cloud P should be expected to repre-
sent the human body with a generally even density of points,
in order to successfully obfuscate the original skeletal hier-
archy and homogenise motion data. To achieve this, the
bone that a given point p ∈ P is associated with should
be selected by a weighted random sampler, where the line
segment length of each bone determines the probability of
the bone. This allows larger bones to be represented with
more points, and vice versa, thus creating an even distribu-
tion of points. Formally, given the set of all bones J , the
probability of selecting a given bone j is:

P (j) =
|ptail

j |∑
j′∈J |ptail

j′ |

B.3. Interpolating with Classical Methods
In our paper, we used both linear interpolation (LERP) and
spherical linear interpolation (SLERP) as both interpolation
benchmarks, as well as a correction step for the TCP-to-
skeletal pose conversion processes performed by PC-MRL.

To explain these aspects, let us first denote that the t-th
pose of a motion xt for a skeleton of |J | joints contains a
3D root position part xroot

t ∈ R3 and a set of quaternions part
xquat
t ∈ H|J |, where H is the set of all quaternions. As such,

we can describe the composition of xt as xt = xroot
t ⊕xquat

t .
To simplify explanations, assume quaternion conjugations
between two quaternion sets apply the conjugation to all
corresponding pairs of quaternions.

B.3.1. Motion Keyframe Interpolation with LERP and
SLERP

LERP represents a constant trajectory between two scalar
values over a period of time. This is commonly used for
interpolating Euclidean properties such as positions, but
is also generally compatible with spherical properties like
quaternions, albeit with a normalisation process to remain
spherical. SLERP, on the other hand, is only applied to
spherical properties, and aims to represent the same con-
strant trajectory as LERP, but in spherical space.

To apply LERP between two poses xa and xb (assum-
ing b > a), we first perform an element-wise subtraction
to find the total Euclidean difference. Then, we divide this
total difference by the number of intervals between xa and
xb (i.e. frames, defined by b − a). Finally, we cumula-
tively increment xa with the interval difference. Formally,



to produce the LERP-interpolated motion LERP(xa, xb) =
{x′

a+1, x
′
a+2..., x

′
b−2, x

′
b−1}, we can define each x′

a+t as:

x′
a+t = xa + t

xb − xa

b− a

As a post-processing step for quaternions, each quaternion
is normalised to a norm of 1 in order to retain its spherical
representation.

With SLERP, the interpolation of root positions and
quaternions are applied separately. Since root positions
are a Euclidean property, the LERP strategy is still
used for the root positions, i.e. LERP(xroot

a , xroot
b ).

For quaternions, we employ spherical interpola-
tion between xquat

a and xquat
b . Formally, to define

the interpolated quaternions SLERP Q(xquat
a , xquat

b ) =

{x′
a+1

quat
, x′

a+2
quat

, ..., x′
b−2

quat
, x′

b−1
quat}, we compute

each x′
a+t

quat using the following quaternion conjugation:

x′
a+t

quat
= xquat

a (xquat
a

−1
xquat
b )t

The final SLERP interpolation between two poses xa and
xb is defined as:

SLERP(xquat
a , xquat

b ) = LERP(xroot
a , xroot

b )⊕
SLERP Q(xquat

a , xquat
b )

B.3.2. Interpolation-based Correction for PC-MRL
The TCP-to-skeletal pose conversion process via PC-MRL
[5] is approximate and imperfect over a long motion se-
quence X = {x0, x1, ..., x|X |−1}, due to the relative space
of rotational representations in PC-MRL. Since the input
keyframes X ′ = {xk0 , xk1 , . . . } ⊂ X in a motion keyframe
interpolation problem are known poses, we can gauge the
error of the predicted PC-MRL pose Y ′ = {yk0

, yk1
, . . . }

and the input pose to determine the amount of correction
E = {ϵ0, ϵ1, ..., ϵ|X |−1} needed for anchoring the resulting
motion to the input keyframes. Assume {k0, k1, ...} is an
ordered list.

To find E , we initially measure the keyframe-wise error
E ′ = {ϵk0

, ϵk1
, . . . }. For each real and predicted keyframe

pair xk ∈ X and yk ∈ Y , the error is measured differently
for the 3D root positions and the quaternion set. Specif-
ically, the root position error ϵroot

k is obtained by a simple
subtraction:

ϵroot
k = yroot

k − xroot
k ,

while the quaternion errors ϵquat
k are obtained using an in-

verse quaternion conjugation:

ϵquat
k = yquat

k

−1
xquat
k

As usual, we can declare ϵk = ϵroot
k ⊕ ϵquat

k . We can then
infer the full correction sequence E as a SLERP interpola-
tion between each adjacent error pair in E ′. We formally

define the full correction sequence E as:

E = E ′ ∪ {∪ϵka∈ESLERP(ϵka
, ϵka+1

)}

Finally, we can apply the correction to the original
PC-MRL prediction, creating a corrected sequence C =
{c0, c1, ..., c|X |−1}. For the root position, the correction is
applied via a simple addition:

croot
t = yroot

t + ϵroot
t ,

while quaternion corrections are applied via a conjugation:

cquat
t = yquat

k ϵquat
k

Finally, ct = croot
t ⊕ cquat

t .

B.4. Linear Assignment for Point Cloud Matching
Using the Hungarian Algorithm

In this section, we detail the linear assignment approach
for matching two point clouds, Px = {x0,x1, . . . ,x|P|−1}
and Py = {y0,y1, . . . ,y|P|−1}, in our objective function
Lrec, by minimising the sum of squared Euclidean distances
between paired points. The Hungarian algorithm is em-
ployed to find the optimal assignment efficiently. The goal
is to find a bijective mapping σ : {0, 1, . . . , |P| − 1} →
{0, 1, . . . , |P| − 1} that minimises the total cost:

min
σ

|P|∑
i=1

∥xi − yσ(i)∥2.

This problem can be formulated as a linear assignment
problem where the cost matrix ∆ = [δgh] ∈ R|P|×|P| is
defined by:

δgh = ∥xg − yh∥2.
The Hungarian algorithm solves the assignment problem

in O(|P|3) time [2] and consists of the following steps:
1. Construct the Cost Matrix: Compute the distance ma-

trix ∆ where each entry δgh represents the squared dis-
tance between points xg and yh.

2. Row Reduction: For each row of ∆, subtract the small-
est element from every element in that row.

∆′
gh = ∆gh −min

h
∆gh, ∀g.

3. Column Reduction: For each column of the reduced
matrix ∆′, subtract the smallest element from every ele-
ment in that column.

∆′′
gh = ∆′

gh −min
g

∆′
gh, ∀h.

4. Cover All Zeros with Minimum Number of Rows and
Columns: Determine the minimum number of rows and
columns required to cover all zero entries in ∆′′. We can
achieve this with the following method (note that there
are many alternative iterative approaches):



4.1 Iterate through each row, and star the first zero that
doesn’t share a column with an existing starred zero.

4.2 Cover all columns containing a starred zero. If all
zeros are covered, go to step 5.

4.3 Find any uncovered zero in ∆′′ and mark it.
4.3.a If the zero shares a row with an existing

starred zero, cover the row and uncover the
column previously covering the starred zero.
Repeat from step 4.3 with the new coverage.

4.3.b Otherwise, we create a path. Starting from
the uncovered zero, alternate between travel-
ling to a starred zero in the same column
and to a marked zero in the same row. Stop
when there are no available zeros to travel
to. Among the traversed zeros, un-star all
starred zeros, and star all marked zeros.
Repeat from step 4.2 with the new starred ze-
ros.

5. Check for Optimality:
• If the number of covering lines equals |P|, an optimal

assignment is defined by the matrix coordinates of the
starred zeros, for which there should be exactly |P| of.

• Otherwise, proceed to adjust the matrix and repeat the
process.

6. Adjust the Matrix:
(a) Find the smallest uncovered element m in ∆′′.
(b) Subtract m from all uncovered elements.
(c) Add m to all elements covered by both a horizontal

and a vertical line.
Return to step 4 until the number of covering lines equals
|P|.
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