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Supplementary Material

A. Generated-to-Source Motion Retrieval

Methods Generated-to-Source (Batch) FID↓
R@1↑ R@2↑ R@3↑

Ground Truth 74.01 84.52 89.91 -

TMED 71.77 84.07 89.52 0.167
SimMotionEdit 72.71 83.54 87.50 0.110
MotionReFit 83.47 90.42 92.84 -
Ours 78.96 91.04 93.33 0.097

Table A. We report generated-to-source motion retrieval results.

To rigorously evaluate the capability of our model to
maintain the structural and stylistic properties of the source
motion S while performing the instructed edit, we con-
ducted generated-to-source motion retrieval experiments.
This analysis is crucial for text-based motion editing tasks,
as the generated output M must exhibit a high degree of
semantic consistency with S. Following the established
TMR [4] retrieval protocol, we used the TMR feature space
to check how well the generated motion retrieves its cor-
responding source motion. The results, shown in Table A,
demonstrate that our method significantly outperforms the
baselines, TMED [1] and SimMotionEdit [3]. Furthermore,
our approach achieves performance comparable to Motion-
ReFit [2], showing particularly strong results in R@2 and
R@3. This superior performance indicates that our archi-
tecture—with its dedicated axis-anchored transformers and
joint-aware supervision—ensures robust preservation of the
source motion’s semantic information while accurately im-
plementing the desired textual modifications.

B. Experiments on Different Design Choices

We conducted experiments on various design choices within
our framework.

B.1. Motion Similarity Prediction Before Fusion

We conducted an ablation study to investigate the optimal
placement of the auxiliary motion similarity prediction task,
originally introduced in SimMotionEdit [3]. In our final
proposed architecture, the task is applied to the features af-
ter passing through the cross-axis fusion block. For this
ablation, we shifted the motion similarity prediction head to
operate on the intermediate frame-wise feature htime, specif-

ically, the output of the time-anchored transformer just be-
fore it enters the cross-axis fusion block.

As shown in Table B, the performance achieved by ap-
plying the motion similarity prediction task to the interme-
diate htime feature is consistently lower than our proposed
method. This outcome validates our architectural design:
the joint-anchored transformer is explicitly trained by the
Soft-DTW auxiliary objective (Laux) to understand which
joints to modify and which to preserve. By performing
the motion similarity prediction task after the fusion block,
the prediction head leverages the rich, contextualized rep-
resentation (hfusion) that the cross-axis fusion block inte-
grates from both joint-aware and temporally-aware condi-
tioning. This results in superior performance, as the fused
feature provides a more robust basis for predicting the over-
all frame-wise motion similarity.

B.2. Larger Cross-Axis Fusion Block

We further analyzed the impact of the design of the cross-
axis fusion block on model performance. In our main de-
sign, we employ a single multi-head cross-attention block
to integrate the time-anchored feature (htime as Query) and
the joint-anchored feature (hjoint as Key and Value). For
this ablation, we constructed a significantly larger fusion
block consisting of an alternating sequence of 4 temporal
self-attention blocks and 4 cross-attention blocks.

The results presented in Table B show that the perfor-
mance with the larger, more complex fusion block was con-
sistently inferior compared to our optimized single cross-
attention layer design. We hypothesize that this degradation
is due to two primary factors. First, the substantial increase
in the number of parameters within the fusion pathway may
lead to overfitting on the MotionFix dataset, which is mod-
erate in size for complex models. Second, the repetitive
self-attention layers within the fusion block may unnec-
essarily re-aggregate the features along the temporal axis.
This repetition potentially disrupts the explicit disentangle-
ment between the joint-wise and time-wise information that
our axis-anchored transformers were designed to establish,
thereby diluting the precise and targeted conditioning signal
needed for fine-grained motion editing. The simpler, sin-
gle cross-attention block proves sufficient to perform the re-
quired feature integration without introducing undue com-
plexity or feature corruption.



Methods Generated-to-Target (Batch) Generated-to-Target (Test Set) FID↓
R@1↑ R@2↑ R@3↑ AvgR↓ R@1↑ R@2↑ R@3↑ AvgR↓

Motion Sim. before fusion 70.00 84.79 90.00 2.00 26.09 41.50 48.81 18.54 0.122
Larger fusion block 72.92 86.88 90.42 2.02 29.45 46.05 55.14 16.65 0.103
Ours 74.38 88.54 92.08 1.92 29.45 45.26 54.55 16.42 0.097

Table B. We report experiment results for different design choices of our framework.

Methods Generated-to-Target Generated-to-Source

R@1↑ R@2↑ R@3↑ R@1↑ R@2↑ R@3↑
Ours w/ global dist. 71.46 87.71 90.62 77.08 90.42 93.54
Ours w/ joint geodesic dist. 72.50 85.42 89.79 78.33 89.58 93.33
Ours w/ classic DTW 72.71 85.62 90.21 79.58 90.62 93.33

Ours 74.38 88.54 92.08 78.96 91.04 93.33

Table C. Ablation study on distance metrics for joint-wise supervision. We compare the impact of different distance objectives for training
the joint-anchored transformer. We evaluate global frame-wise distance, joint-wise geodesic distance on the rotation manifold, and classic
DTW against our proposed Soft-DTW.

“don’t raise left arm, and raise a bit higher the right arm”

“spread legs less, look around and rapidly look behind you at the end” “do not rotate the arm around”

“start the squat earlier”

Figure A. We visualized source motions (blue) and motions edited with our method (green) with overlay.

C. Analysis of Distance Metrics for Motion Dif-
ference Prediction

We conducted several experiments to justify the design of
our auxiliary task in Table C. First, the lower performance
of the global distance metric compared to our approach
suggests that holistic motion alignment is insufficient for
the encoder to reason about joint-specific signals. Re-
garding the metric formulation, we observed that the joint
geodesic distance yields suboptimal results because it col-
lapses multi-dimensional rotation differences into a single
scalar, which restricts the information available for super-
vision. In contrast, our channel-wise prediction provides
higher degrees of freedom through finer-grained signals,
enabling the encoder to capture the complex dynamics of
6D rotations more effectively. Finally, our method outper-
forms Classic DTW because the soft-min operator is more

robust to high-frequency motion noise than rigid alignment,
thereby providing a more stable and differentiable learning
signal for the transformer.

D. More Qualitative Results
We provide an overlay visualization of source motions and
motions edited with our method in Figure A, superimposing
edited motions onto the original source sequences.

E. Future Work
Looking ahead, we aim to extend our framework by lever-
aging the rich prior knowledge of emerging large-scale text-
to-motion foundation models. As motion generation enters
the era of large-scale pre-training with massive datasets and
significantly increased parameter counts, we intend to in-
vestigate how our proposed axis-anchored conditioning and



joint-wise auxiliary task can be effectively utilized to fine-
tune these models for the motion editing task. We believe
that integrating our structural and joint-aware supervision
with the broad motion priors of foundation models will fur-
ther enhance the precision and diversity of text-based edit-
ing.

Furthermore, we aim to further validate the generaliz-
ability of our framework across a wider variety of datasets,
such as the STANCE benchmark [2]. While we initially
explored an evaluation on the STANCE benchmark, a fair
comparison was not feasible at this stage due to the cur-
rent lack of a publicly available implementation for the full
training and evaluation protocol. We look forward to con-
ducting these experiments once the standardized pipeline is
released by the authors.
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