Supplementary Material
Controllable Long-term Motion Generation with Extended Joint Targets

A. Dataset Details

COMET is trained on two complementary motion-capture
datasets: AMASS and CIRCLE. AMASS provides diverse,
long-horizon behaviors essential for modeling natural nav-
igation, while CIRCLE offers densely annotated, contact-
rich reaching motions. Both datasets are converted into a
unified SMPL-X representation.

A.1l. AMASS

The AMASS dataset [8] serves as the primary source for
learning general human motion patterns. It is a large-scale
repository containing over 17,000 sequences spanning a
broad range of movements, with extensive coverage of lo-
comotion behaviors. This diversity is crucial for training
COMET to synthesize natural navigation dynamics, partic-
ularly when the character must traverse large distances to
reach a target. Since AMASS lacks explicit goal annota-
tions, we introduce a pseudo-goal strategy by randomly se-
lecting a future frame and using its ground-truth joint po-
sition as the target. This enables COMET to acquire goal-
directed behaviors from unannotated sequences. To ensure
quality and consistency, we remove clips with excessive
foot lifting and uniformly resample all motions to 30 frames
per second (fps).

A.2. CIRCLE

The CIRCLE dataset [1] provides task-specific data for
learning fine-grained goal-reaching behaviors. It contains
approximately 10 hours of motion capture data, compris-
ing more than 7,000 sequences from five subjects perform-
ing whole-body reaching tasks with both the right and left
hands. The motions include a wide variety of reaching-
related actions, such as bending, crawling, crouching, and
kneeling, performed within a static environment. Unlike
AMASS, CIRCLE offers explicit annotations of initial and
target conditions, which are critical for teaching COMET
precise upper-body and arm movements necessary for ac-
curate interaction with target locations.

A.3. Preprocessing

All motion clips undergo a shared preprocessing pipeline.
First, we compute joint positions for translation-dependent

Table 1. Key architectural specifications of COMET.

Component Specification
Latent space dimensionality (z) 64

MLP layers (pose + delta features) 16
Regularization LayerNorm + Dropout
Conditional intention embedding Linear layer (1 layer)
Transformer layers 4

Model dimension 64
Attention heads 8
Feed-forward network dimension 64

Positional encoding Sinusoidal

features and to re-ground each sequence so that the lowest
joint touches z=0. Second, sequences are trimmed into 8
second windows that match the temporal receptive field of
the transformer modules. Third, we compute dataset-wide
statistics for every feature channel (root motion, joint ro-
tations, goal descriptors, and joint coordinates), which are
later used to standardize the inputs at training and inference
time. Finally, the combined motion dataset is randomly par-
titioned into disjoint splits with an 80/10/10 ratio for train-
ing, validation, and testing. This pipeline guarantees that
heterogeneous sources provide consistent supervision for
COMET’s goal-aware motion synthesis.

B. Implementation Details

B.1. Model Architecture

The COMET architecture is built upon a , where both the
encoder and decoder are realized using Transformer En-
coder modules. The latent space is configured with a di-
mensionality of z = 64. Input motion features, includ-
ing pose and delta () representations, are first processed
through a 16-layer Multi-Layer Perceptron (MLP). Simul-
taneously, the conditional intention vector, which provides
task-specific guidance, is projected via a single linear layer
before integration into the main Transformer pipeline. The
Transformer modules employ standard sinusoidal positional
encoding and are configured as detailed in Table 1.

This design enables COMET to effectively model com-
plex, temporally coherent motion sequences while main-



taining computational efficiency suitable for real-time gen-
eration.

B.2. Training Details

The COMET model was trained using the PyTorch on a
workstation equipped with four NVIDIA A6000 GPUs.
The full training process required approximately 36 hours
to complete a total of 1,800 epochs. We used a batch size
of 512 and maintained a fixed learning rate of 1 x 10~
throughout training. To mitigate exposure bias, which com-
monly arises in autoregressive sequence generation, we em-
ployed a scheduled sampling strategy. This strategy was
activated at epoch 10, after which the number of autore-
gressive (AR) steps was progressively increased over sub-
sequent epochs until epoch 50, where it was capped at a
maximum of 10 AR steps. This gradual scheduling allowed
the model to smoothly transition from relying on ground-
truth inputs to generating longer sequences based on its own
predictions, thereby improving stability and long-horizon
motion synthesis.

C. Reference-guided Feedback Details

To model the distribution of plausible human poses, we train
a Gaussian Mixture Model (GMM) using walking motion
data from the training set. The GMM is configured with 50
mixture components and optimized using the Expectation-
Maximization (EM) algorithm, with a maximum of 1,000
iterations to ensure convergence. For our benchmark model,
training typically completes in under one minute.

Algorithm | outlines the full Reference-Guided Feed-
back (RGF) process. At each timestep, COMET predicts
a delta pose that updates the current state. When feed-
back is active, the predicted joint rotations and pelvis height
are softly corrected toward the closest GMM component
mean, as determined by the Mahalanobis distance. This
correction step (lines 10—12) nudges the motion toward the
learned manifold of natural human poses, mitigating drift
and preserving long-term stability. The feedback loop is de-
activated once the character enters the vicinity of the goal,
allowing for precise final adjustments without interference
from the reference signal.

C.1. Choice of GMM Components

To determine the appropriate number of Gaussian compo-
nents K for the Reference-Guided Feedback (RGF) mod-
ule, we conducted an experiment by varying K over a wide
range. As shown in Table 2, performance saturates beyond
K = 50 and slightly declines at K = 100. Therefore, we
select K = 50 as the setting for our benchmark model.

C.2. Feedback Scale o

The feedback scale parameter « is a critical hyperparame-
ter in COMET, as it controls the strength of the reference-

Algorithm 1 Reference-Guided Feedback (RGF)

Require: COMET decoder py, initial pose p1, control joints J.,
joint goals {G;};ec., GMM params { (ux, Zx) He 1,
feedback scalar «, sequence length 7', stop distance dgoal

1: Initialize sequence M < {p1}, feedback_ active < True
2: fori=1,...,T—1do

3: Update intentions I;

4: Predict delta:

Oit1 < po(dit1|pi, Ii,zi ~ N(0,1))

5: Pose update: P;41 < pi + di+1
6: if feedback_active then
7: Extract features: f;11 C Pit1
8: Select closest GMM component:
k"= argmin \/(fi+1 — ) TS (B — )
9: Correct features:
fffrrimed = Ai+1 + o(pr — fH—l)
10: Update pose with corrected features:
Pi+1 = Update(pit1, £27°)
11: if |[P7}, — Gitll2 < dgoa then
12: feedback_active <— False
13: end if
14: end if
15: M~ MU{Pit1}
16: end for

17: return generated sequence M

Table 2. Ablation on the number of Gaussian components K for
the Reference-Guided Feedback (RGF).

# Components K SR (%) (1) FS (%) (1) DTG (cm) (1)
0 31.47 18.97 59.25
3 49.20 13.62 21.00
5 51.36 13.63 21.23
10 51.25 13.93 21.44
30 49.44 13.59 23.16
50 52.67 13.95 20.30
100 51.73 14.03 21.68

guided feedback applied to the generated motion. The value
of « directly influences performance. When « is too small,
the corrective signal becomes weak, leading to insufficient
error correction and reduced motion stability. In this case,
the generated poses may drift away from the learned dis-
tribution of plausible human motions. Conversely, an ex-
cessively large v can cause the model to overfit to specific
reference poses, resulting in mode collapse and degraded
motion quality, such as exaggerated foot skating artifacts.
Through empirical evaluation, we found that a = 0.01 pro-



vides the best balance between stability and naturalness,
delivering consistent improvements across all benchmarks.
For the motion in-betweening task, we use a higher value
of a = 0.05, where the reference pose is fixed to the
given target pose to ensure precise convergence to the final
keyframe.

C.3. Feedback Stopping Distance

In COMET, the reference-guided feedback is applied dur-
ing the main transit phases of motion but is intentionally
deactivated as the model approaches its target. This design
prevents interference with the final fine-grained adjustments
needed to accurately align the controlled joints with their
target positions. Persisting with feedback near the goal can
be counterproductive, as it may push the motion toward the
closest reference pose rather than the precise target config-
uration. We define the feedback stopping distance as the
threshold at which feedback is disabled. Empirically, we
determined that a threshold of 1 meter yields the optimal
trade-off, ensuring both accurate goal attainment and natu-
ral, stable final postures.

D. Evaluation Details
D.1. Single-Joint Control (Right Wrist)

The single-joint control experiment assesses the model’s
ability to generate motion from unseen initial poses to-
wards specific target goals. This setup follows the evalua-
tion methodology employed in WANDR [3], utilizing goals
uniformly distributed within a 3D cylindrical space. This
approach allows for an effective validation of the model’s
generalization capabilities to inputs not encountered dur-
ing training. The specific experimental parameters are as
follows: (1) Angle, 360 degrees divided into 5 uniform in-
crements (i.e., 72-degree intervals). (2) Height, the range
from 0.5m to 1.8m, divided into 5 uniform increments. (3)
Distance, the range from 0.5m to 5Sm, divided into 5 uni-
form increments. (4) Initial Pose: 6 distinct unseen initial
poses are used. (5) For each combination of the above pa-
rameters, 5 trials are sampled. The total number of cases is
5 x5 x5 x6x5=3750. The duration for all generated
motions is set to 8 seconds. In this setup, the orientation
intention is defined as the direction from the current pelvis
position towards the target goal.

D.2. Multi-Joint Control

To evaluate COMET’s ability to control multiple joints si-
multaneously, we sampled random target poses from the
held-out test set. Target positions for the pelvis in the
XY plane were selected from five discrete directions and
five distance settings, following the same protocol as in the
single-joint control evaluation. The vertical (Z) position
was implicitly determined by the selected final pose. We

used six unseen final target poses, with each paired with
six different initial poses. For each unique target—initial
pairing, five trials were conducted, providing a comprehen-
sive evaluation across diverse joint configurations. Metrics
were first computed individually for each controlled joint
and then averaged to report the final performance. Each
motion sequence was fixed to 8 seconds in duration.

D.3. Long-term Sequential Target Control

To evaluate the capacity for sustained long-distance loco-
motion and its adaptability to dynamically shifting objec-
tives, we introduce a method for evaluation, navigating to-
wards a sequence of three consecutive target goals, each
positioned at a fixed right wrist height of 1.0 meter. Each
segment of the sequence requires covering a distance of 5.0
meters. The evaluation is conducted using 6 distinct initial
poses, randomly selected from the test set. For each ini-
tial pose, the motion generation involves selecting one of
5 uniform directions for each of the three consecutive tar-
get segments. This methodology yields 52 = 125 unique
locomotion paths per initial pose, resulting in a total of
6 x 125 = 750 distinct test cases. For each test case, 5
trials are sampled, bringing the total number of evaluated
motions to 750 x 5 = 3750. The duration for each of the
three motion segments is set to 8 seconds.

D.4. Evaluation for Motion In-betweening

For the motion in-betweening task, we follow the evalua-
tion protocol introduced by Harvey et al. [4], with several
key modifications. While the original study evaluated mod-
els only on fixed-length intervals, our evaluation considers
in-betweening over arbitrary intervals up to the maximum
sequence length supported by the models. In each trial, the
first and last keyframes of the interval are provided to the
models as boundary conditions. For CondMDI [2], we en-
sured fairness by training it exclusively on scenarios where
the first and last frames are given, rather than allowing it to
learn arbitrary frame predictions. For DNO [6], we adopted
the ODE step size of 100 as reported in the original paper
and generated outputs using both 100-step and 300-step op-
timization settings for comparison. Both CondMDI [2] and
DNO [6] were reimplemented and retrained under identical
conditions using the same training dataset as COMET. Fur-
thermore, their generation window was set to 240 frames (8
seconds) to match the temporal receptive field used during
COMET’s training.

D.5. Evaluation for Plug-and-Play Motion Styliza-
tion

As stylization is difficult to quantify using conventional
numeric metrics, classifier-based measures such as Style
Recognition Accuracy (SRA) first introduced in Motion
Puzzle [5] have been also adopted in MoST [7] and



(a) Success Rate (SR, %) (1)

# Joints Pelvis L. Ankle R. Ankle Head L. Wrist R. Wrist Mean
1 94.80 66.93 64.13 86.53 66.13 51.20 71.62
2 94.06 65.39 54.42 74.70 72.39 61.53 70.41
3 96.38 68.98 52.64 69.78 72.45 66.73 71.16
4 94.80 66.49 51.29 64.03 72.82 67.07 69.42
5 95.11 62.80 49.36 66.86 73.42 64.94 68.75
6 95.33 59.87 49.47 69.60 73.07 65.87 68.87
(b) Foot Skate (FS) ({)
# Joints Pelvis L. Ankle R. Ankle Head L. Wrist R. Wrist Mean
1 15.94 13.74 14.32 13.80 12.07 12.33 13.70
2 15.27 15.05 15.24 14.82 14.73 14.52 14.94
3 15.26 15.29 15.23 14.89 14.75 14.84 15.04
4 15.29 15.49 15.36 15.41 15.27 15.32 15.36
5 15.46 15.54 15.47 15.50 15.44 15.49 15.48
6 15.32 15.32 15.32 15.32 15.32 15.32 15.32
(c) Distance-to-Goal (DTG, cm) ({)

# Joints Pelvis L. Ankle R. Ankle Head L. Wrist R. Wrist Mean
1 3.30 12.56 12.84 8.81 26.41 34.02 16.32
2 4.16 11.94 16.89 9.60 11.30 16.15 11.67
3 3.02 10.08 15.42 9.40 9.11 11.83 9.81

4 3.45 9.98 14.14 10.34 9.19 11.61 9.79

5 3.16 10.17 13.60 9.47 8.63 11.37 9.40

6 2.67 10.57 13.36 8.17 8.33 11.37 9.08

Figure 1. Evaluation results for multi-joint control with varying numbers of simultaneously controlled joints.

SMooDi [13]. However, these classifier-based metrics are
fundamentally misaligned with the design of COMET, lim-
iting their reliability as evaluators. Instead, stylization was
assessed qualitatively through a user-preference study con-
ducted on domain experts, including motion-capture spe-
cialists and professional animators.

The reliability of classifier-based metrics in motion styl-
ization, namely SRA [5], acquires reliability based on two
assumptions: (1) training and evaluation use labeled data
sets that share a common classification scheme, ensuring re-
sults are compared under the same classification criterion;
(2) because both the model and the metric depend on the
same scheme, even if one trains on a labeled data set dif-
ferent from the one used in the evaluation, the model tends
to achieve similar scores, providing reproducibility. Mo-
tion Puzzle [5], MoST [7] and SMooDi [13] follow this set-
ting and, in that context, appropriately report quantitative
results with SRA. In contrast, COMET’s Reference-Guided
Feedback does not rely on a pre-defined label taxonomy. It
rapidly learns style motions composed of the required ac-
tions and injects them in a plug-and-play manner, reduc-
ing dependence on large labeled datasets and improving
practical usability. Moreover, in motion data the concep-

tual separation between content and style is often inherently
ambiguous or mutually entangled, so the chosen classifica-
tion scheme can strongly influence classifier-based metrics.
Consequently, such metrics are valid for comparing models
that share the same scheme but are not suitable for eval-
uating COMET, which operates independently of dataset-
specific style taxonomies. Additionally, since COMET op-
erates without a content-labeling scheme, it is incompatible
with metrics that presuppose content classification, such as
Style Consistency (SC) [10]. Therefore, stylization evalua-
tion relies on a user study that qualitatively compares the re-
sults obtained with the same style input motion to SMooDi.

E. User Preference Study

While we make extensive efforts to quantitatively evaluate
motion quality using established metrics, these measures
may not fully capture perceptual differences as judged by
humans. To address this gap, we conducted a user prefer-
ence study to directly assess the perceptual quality of our
generated motions. A total of 30 participants with profes-
sional experience in motion-related fields, including motion
capture engineers, 3D artists, and character animators, were
recruited to ensure the reliability of the subjective evalua-



(a) 100STYLE BentForward (b) 100STYLE ArmsAboveHead

(c) COMET generated motion with ArmsAoveHead as style input

Figure 2. Comparison between Original 100STYLE dataset and
stylized motion generated with COMET. Despite COMET faith-
fully capturing the style, a classifier with a one-layer Trans-
former architecture similar with used in SMooDi [13], classified
COMET’s output illustrated in (c) as BentForward. This suggests
that the classifier can easily overfit to non-salient cues rather than
the primary characteristics.

tion. The study consisted of two tasks:

Motion In-betweening. Participants were presented with
side-by-side comparisons of motion sequences generated
by three methods: COMET, CondMDI [2], and DNO [6].
All methods were evaluated under identical boundary con-
ditions to ensure fairness. Each participant viewed 20 test
cases and was asked to select the motion they perceived as
having the highest overall quality. To reduce noise from
uncertain judgments, a “Not sure” option was provided for
cases where the differences between sequences were am-
biguous.

Motion Stylization. For stylization, COMET was com-
pared against the baseline method SMoodi [13]. Partici-
pants evaluated 24 generated sequences, corresponding to
12 distinct target styles with two sequences generated per
style. Each pair consisted of one motion produced by
COMET and one by the baseline, and participants were
asked to choose which output exhibited higher stylistic
quality and naturalness. Similar to the in-betweening task, a
“Not sure” option was included to handle ambiguous cases
where no clear preference could be determined.

Motion In-Between Comparison

Comparison: 0018_iter_24.mp4 (7/20)

Figure 3. Motion In-betweening User Study

Stylization Comparison

Style: LeanBack (15/24)

Figure 4. Stylization User Study

Table 3. Motion generation speed comparison (seconds). Lower
values indicate faster generation. For OmniControl, the time re-
mains nearly constant as it generates the entire sequence in a single
pass, regardless of sequence length within its processing capacity.
DartControl results are measured under its optimization-based set-
ting.

Method 30 Frames 60 Frames 150 Frames
WANDR 0.51 £0.07 1.00 £0.14 2.42+0.18
OmniControl 57.13+2.82 62.49+4.56 56.76+1.77
DartControl 82.04 +£0.23 160.44 +1.22 397.81 +1.22

Ours (COMET) 0.64+0.18 1.30£0.19 3.20+0.23

F. Comparison with Diffusion-based Joint
Control Model

We adopt a Variational Autoencoder (VAE) as the core ar-
chitecture of COMET due to its superior efficiency, which
enables real-time controllable motion generation. In con-
trast, recent diffusion-based approaches, while achieving
remarkable accuracy and generating fine-grained motion
details, incur substantially higher sampling costs. For ex-
ample, OmniControl [1 1] requires 1,000 denoising steps to
generate a sequence, making it roughly 90 times slower than
COMET for producing 30 frames. DartControl [12] reduces
the denoising process to 10 DDIM [9] steps but introduces
an additional 100-step iterative optimization procedure to
refine motion quality. This repetitive optimization causes
the sampling time to grow linearly with sequence length.



Consequently, diffusion-based methods are powerful but are
better suited for offline generation scenarios, where their
significant computational demands are less restrictive. A
detailed speed comparison is provided in Table 3.
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