
Unifying Precise Keyframes and Semantic Control via Multi-level Diffusion

Supplementary Material

In this supplementary material, we provide comprehen-
sive details in support of the main paper. Specifically,
we present additional experiments in Sec. 7, describe our
motion representation in Sec. 8, and provide implementa-
tion details for the text-conditioned in-betweening task in
Sec. 9, including the network architecture, loss functions,
and training and inference procedures. We further detail
our inversion-based motion editing pipeline in Sec. 10. Fi-
nally, Sec. 11 outlines the experimental settings, baseline
configurations, and evaluation metrics.

7. Additional Experiments
Flexibility of partial joint control. Our method allows for
partial joint conditioning (e.g., joint positions without ro-
tations or contact labels) and achieves competitive perfor-
mance (see Tab. 6). This setting is particularly challeng-
ing because such partial conditioning is not observed dur-
ing training. The root trajectory is additionally required for
effective control, as all other joints are represented relative
to it. If the root is unavailable, it could be estimated, which
we leave for future work.

Table 6. Performance of our method under partial joint setting,
where the root joint and a random subset of the five end-effector
positions are constrained, while other features (e.g., joint rotations
or contact labels) remain unconstrained.

Keyframe Error ↓ R-Precision (Top 3) ↑ MM Dist ↓ FID ↓ Skating Ratio ↓
0.000 0.794 2.537 0.120 0.051

Visualization of motion-keyframe attention. To analyze
the semantic and temporal structure captured by the learned
keyframe representations, we visualize the attention map
between motion features and learned keyframe features for
the example in Fig. 5 (b), as shown in Fig. 7. The or-
ange boxes highlight the alignment between the attention
peaks and the keyframes, showing that the attention map
accurately captures the timing of the keyframes. Moreover,
high-attention regions highlighted by blue and pink dashed
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Figure 7. Visualization of the attention map between motion and
keyframe features for the example in Fig. 5 (b).
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Figure 8. Smoothness analysis of motion transitions around
keyframes, using the example of Fig. 1 (a) of the paper. (a) Speed
profiles with and without imputation. No abrupt spikes or notice-
able fluctuations are observed around the keyframes (dashed lines)
when imputation is applied, indicating that imputation does not in-
troduce perceptible jitter. (b) Visualization of natural motion tran-
sitions around keyframes. Orange frames denote keyframes, while
blue and pink indicate the frames before and after each keyframe.

boxes are temporally aligned with the actions of “pick up”
and “walk to the target”, indicating that keyframes influ-
ence semantically related motion segments. This suggests
that the attention map effectively encodes semantic infor-
mation.
Effect of refinement on motion realism. (i) Our experi-
ments suggest that the additional foot sliding caused by our
trajectory refinement module is negligible compared with
baselines. Any misalignment between the refined trajec-
tory and local body movements is progressively corrected
by the diffusion model in subsequent denoising steps using
its learned motion prior. In our ablation study, our trajec-
tory refinement achieves zero keyframe root error with only
a slight increase in skating ratio (from 4.21% to 4.28%, a
1.66% relative change). Despite this slight increase, our
method still yields less foot skating than all baselines.
(ii) We acknowledge that diffusion imputation may intro-
duce slight jitter, but it is visually negligible (see Fig. 8).
Moreover, even with imputation, our method achieves a
lower jitter metric than all baseline methods (see Tab. 7).

Table 7. Comparison of motion jitter across different methods.

Methods GT OmniControl CondMDI MaskControl Ours Ours (w/o Imputation)

Jitter (×10m/s3) ↓ 6.885 61.715 67.203 18.037 16.172 14.109

8. Motion Representation

Our method represents the motion x ∈ RN×D as a se-
quence of poses over N frames, where each pose p ∈ RD

is represented by D features. We represent each pose as
a combination of three components: (i) a global compo-
nent containing the position of the root joint in world space
rp ∈ R3 and global root rotation around the Y axis rr ∈ R6

represented in 6D rotations; (ii) a local pose component



containing joint positions relative to the root jp ∈ R3(J−1),
joint rotations relative to parent joints jr ∈ R6J represented
in 6D rotations, and foot-ground contact labels c ∈ R4,
where J = 22 is the number of joints; and (iii) a body shape
component θb ∈ R10 parameterized by the SMPL-X shape
parameters [35]. Thus, the representation of each pose is
defined as:

p =
〈
rp, rr, jp, jr, c, θb

〉
∈ R218. (7)

Our motion representation differs from previous formats,
such as the relative-root-based H3D-Format [13], while be-
ing well-suited for controllable generation and practical an-
imation workflows. In contrast to representations that op-
erate in root-relative coordinates, we follow Cohan et al.
[10] to explicitly model the root joint position rp and ro-
tation rr in world space. This global representation al-
lows us to directly constrain keyframe positions in world
space, enabling precise spatio-temporal control over charac-
ter trajectories—an essential requirement in interactive mo-
tion authoring. We exclude velocity-based representations
because position and rotation are sufficient for animators to
specify keyframe constraints, and explicitly specifying suit-
able velocities for each joint would be overly laborious for
animators. Furthermore, incorporating the body-shape pa-
rameters θb allows our framework to generate motions for
characters with diverse body shapes, enhancing the gener-
alization of the resulting motions.

Following [27], we re-extract motions in SMPL-X for-
mat, resample them to 30 FPS, and keep sequences between
2 and 10 seconds (60–300 frames). Each sequence is rep-
resented with a 22-joint skeleton [13] and converted into
our motion representation. Notably, joint rotations can be
decomposed into twist and swing components [24]. The
H3D-Format retargets motions to a unified skeleton and
uses vanilla Inverse Kinematics (IK) [5] to recover rota-
tions. However, this approach ignores twist rotation, po-
tentially leading to incorrect end-effector orientations in the
reconstructed motion. In contrast, by leveraging the SMPL-
X representation directly, we do not require retargeting to
a uniform skeleton. This allows us to preserve the origi-
nal twist and swing components, resulting in more faithful
end-effector orientations.

9. Text-conditioned Motion In-betweening
9.1. Network Architecture
Our motion diffusion backbone is implemented as a 1D
convolutional U-Net with Adaptive Group Normalization
(AdaGN) [32], following the architecture of Huang et al.
[19]. The network uses a base channel width of 512 and
channel multipliers of [1, 1, 1, 1].

For condition encoding, we use two Transformer En-
coder modules: one for text and one for keyframe condi-

tions, both sharing the same architecture. Each Transformer
consists of four encoder layers with a latent dimension of
512. The text branch processes pre-trained CLIP token
embeddings [43], while the keyframe branch encodes the
keyframe constraints. Following Chen et al. [8], we adopt 8
learnable latent tokens for each Transformer, yielding a fi-
nal feature tensor of size 8×512 for both text and keyframe
conditions.

9.2. Loss Function
Losses. Our training objective combines several comple-
mentary terms to ensure controllability and motion realism.
Following the formulation of Tevet et al. [53], we predict
the input motion, i.e., x̂0 = pθ (xt, t, c) with the objective:

Ldiff = Ex0∼q(x0|c),t∼[1,T ]

[
∥x0 − pθ (xt, t, c)∥22

]
, (8)

where c represents the text and keyframe conditions in our
context. In addition to the diffusion denoising loss, we ap-
ply a reconstruction loss between generated keyframes and
input keyframe constraints:

Lkey = ∥mK ⊙ (x̂0 −K)∥22 , (9)

where⊙ denotes the Hadamard product. To further enhance
physical plausibility, we mitigate foot sliding by penalizing
the velocity of feet in contact with the ground:

Lfoot =
1

N − 1

N−1∑
i=1

∥∥(rec(x̂i+1
0 )− rec(x̂i

0)
)
· fi

∥∥2
2
, (10)

where x̂i
0 denotes the predicted motion features at ith frame,

rec(·) reconstructs the joint positions based on the predicted
x̂0, and fi is the binary foot-contact mask for ith frame,
following the formulation of Tevet et al. [53]. As a result,
the training objective is defined as:

L = Ldiff + λkeyLkey + λfootLfoot, (11)

where λkey, λfoot are empirically set to 1 in our experiments.

9.3. Training Details
We train our framework with a batch size of 64 for 500K it-
erations. The diffusion model follows a DDPM formulation
with T = 1000 denoising steps and a cosine noise sched-
ule. We use the Adam optimizer with an initial learning
rate of 1e-4 and a weight decay of 0.01. To improve train-
ing stability, we adopt a learning rate decay of 1% every
5,000 steps, and apply gradient clipping with a maximum
norm of 1. We further employ an exponential moving av-
erage (EMA) of the model parameters with β = 0.9999,
and use the EMA-averaged model for inference to achieve
improved generation quality.



Figure 9. Impact of the number of refinement steps Sthreshold (applied during the final denoising steps) on: (a) Foot Skating Ratio and FID;
and (b) Foot Skating Ratio and Inference Time. We select the first and last frames from the ground truth motions as keyframe constraints.

Following Cohan et al. [10], we assume that the
keyframe signal and motion feature share the same dimen-
sionality. Thus, for each constrained frame and joint, all
corresponding features within the 218-dimensional vector
must be provided. For instance, conditioning on the root
joint requires providing both rp and rr for every frame.
Conditioning on other joints also requires root joint infor-
mation, since all joint positions are represented relative to
the root. Similarly, foot contact information is accessible to
the model only if the corresponding foot or ankle joints are
observed.

To simulate diverse spatio-temporal constraints, we em-
ploy a stochastic masking mechanism during training. We
first randomly sample k frame indices from the motion se-
quence. For each selected frame, we further sub-sample
a subset of joints and set the corresponding entries of the
observation mask mK to 1, while all unconstrained entries
remain zero. The keyframe feature matrix K is then con-
structed by retaining the ground-truth motion features at
these masked positions and padding the rest with zeros. To
improve robustness against missing control signals, both the
text prompt and the keyframe constraint are independently
replaced with a null state—an empty string ∅ or an all-zero
mask, respectively—with a probability of 10%.

9.4. Inference Details
We apply separate classifier-free guidance strategies for the
text and keyframe conditions. Text provides high-level se-
mantic guidance, mapping an abstract description (e.g. “a
person walks sadly”) to a high-dimensional manifold of
possible motions, which requires relatively strong guid-
ance to ensure that the generated motion aligns with the
textual semantics. In contrast, keyframes impose precise
and unambiguous spatio-temporal constraints. We observe
that applying classifier-free guidance to keyframes over-
constrains the model, causing it to overfit the given poses
and degrade natural motion dynamics. Therefore, we ap-
ply classifier-free guidance only for the text condition with
a scale ωt = 2.5 following Huang et al. [19], while keep-
ing the keyframe guidance unscaled. The sampling proce-
dure, based on DDIM-50, is summarized in Algorithm 1,

and the trajectory refinement method is further detailed in
Algorithm 2.

We explore the impact of the number of refinement steps
Sthreshold applied during the final denoising steps. As il-
lustrated in Fig. 9, increasing Sthreshold reduces the Foot
Skating Ratio but results in higher FID and longer infer-
ence time. We hypothesize that initiating refinement at ear-
lier denoising steps facilitates a gradual alignment of the
generated motion with the keyframe constraints. This is
achieved through an iterative cycle of refining the estimate,
re-injecting noise, and subsequent denoising. This process
effectively guides the intermediate latent states to progres-
sively converge toward the constraints, thereby reducing the
magnitude of root trajectory corrections required in the fi-
nal steps and minimizing foot skating. However, forcing
this hard refinement followed by re-noising at very early
steps (high noise levels) can disrupt the natural diffusion
trajectory, potentially degrading the overall motion quality.
Based on this trade-off, we set Sthreshold = 5.

Algorithm 1 DDIM Sampling with Inference Refinement

Require: Text prompt p, keyframe feature matrix K,
keyframe mask mK

Require: Time sequence τ = [τ1, . . . , τS ] with τS =
T, τ0 = 0

1: xT ∼ N (0, I)
2: for i = S, . . . , 1 do
3: t← τi
4: s← τi−1

5: x̂uncond
0 = pθ(xt, t,∅,K,mK)

6: x̂cond
0 = pθ(xt, t, p,K,mK)

7: x̂0 = x̂uncond
0 + ωt(x̂

cond
0 − x̂uncond

0 )
8: if s ≤ Sthreshold then
9: x̃0 = TrajectoryRefinement(x̂0,K,mK)

10: x̂0 = K⊙mK + x̃0 ⊙ (1−mK)
11: end if
12: ϵ̂θ = (xt −

√
ᾱtx̂0)/

√
1− ᾱt

13: xs =
√
ᾱsx̂0 +

√
1− ᾱs · ϵ̂θ

14: end for
15: return x0



Algorithm 2 Trajectory Refinement

Require: Predicted motion x̂0, keyframe feature matrix K,
keyframe mask mK

Ensure: Refined motion x̃0

1: x̃0 ← x̂0

2: Extract keyframe indices {k0, k1, . . . , kM} from mK

3: if k0 = 0 then
4: x̃0

0 ← ReplaceRoot(x̂0
0,R(K0))

5: end if
6: for i = 0, . . . ,M do
7: if i = 0 then
8: nstart ← 0, nend ← ki
9: else

10: nstart ← ki−1, nend ← ki
11: end if
12: Kstart ← Knstart , Kend ← Knend

13: ∆r← R(Kend)− R(x̂nend
0 )

14: for n = nstart, . . . , nend − 1 do
15: v̂n ← R(x̂n+1

0 )− R(x̂n
0 )

16: end for
17: for d ∈ {x, y, z} do
18: Wd ←

∑nend−1
s=nstart

|v̂s,d|
19: for n = nstart, . . . , nend − 1 do
20: wn,d ← |v̂n,d|/Wd

21: ṽn,d ← v̂n,d + wn,d ·∆rd
22: end for
23: end for
24: for n = nstart + 1, . . . , nend do
25: r̃n ← r̃n−1 + ṽn−1

26: x̃n
0 ← ReplaceRoot(x̂n

0 , r̃n)
27: end for
28: end for
29: return x̃0

10. Motion Editing

Our motion editing is achieved through an invert-and-
sample process: The original motion is first inverted to a
latent noise sequence xT using DDIM inversion [45]. The
resulting latent noise serves as the starting point for the de-
noising process guided by the edited keyframe targets, pro-
ducing motion that satisfies the constraints.

10.1. Diffusion Inversion

The diffusion inversion retrieves the corresponding noise
map xT given an input x0. The vanilla DDIM inversion [45]
assumes that the ODE process of DDIM denoising is re-
versible in the limit of small steps, leading to the following
inversion update:

xt+1 =
√
ᾱt+1pθ (xt, t) +

√
1− ᾱt+1ϵθ (xt, t) , (12)

where ᾱt+1 is a constant hyper-parameter, pθ (xt, t) de-
notes the motion predicted by the model and ϵθ (xt, t) de-
notes the noise predicted at time step t, derived from:

ϵθ (xt, t) =
(xt −

√
ᾱtpθ (xt, t))√
1− ᾱt

, (13)

In both Eq. 12 and Eq. 13, pθ (xt, t) serves as an approxima-
tion of pθ (xt+1, t+ 1), following the formulation in [45],
and we omit condition c for clarity.

This vanilla DDIM inversion suffers from cumulative ap-
proximation errors, as the inversion process approximates
pθ(xt+1, t+1) with pθ(xt, t), which introduces cumulative
errors over inversion steps and leads to inaccurate recon-
structions, causing the inversion trajectory to deviate from
the denoising path, which in turn causes the edited motion
to deviate from the original semantics. To address this, we
employ the fixed-point iteration technique to preserve the
semantics of the original sequence following [11, 34].

At each inversion step, we first calculate an initial esti-
mate x′

t+1 using Eq. 12. As argued in [11], pθ
(
x′
t+1, t+ 1

)
provides a closer approximation to pθ(xt+1, t + 1) than
pθ (xt, t); therefore, we refine xt+1 as:

xt+1 =
√
ᾱt+1 pθ(x

′
t+1, t+ 1)

+

√
1− ᾱt+1

1− ᾱt

(
xt −

√
ᾱt pθ(x

′
t+1, t+ 1)

)
,

(14)

This fixed-point refinement reduces the approximation error
at each step, thus better retaining the original motion seman-
tics in xT . We further explore the impact of the number of
fixed-point iteration steps, as shown in Fig. 10.

10.2. Keyframe-guided Denoising
Given the inverted latent xT , we leverage target keyframes
K as a condition for the denoising process. The model then
adaptively modifies motion dynamics to produce a plausi-
ble motion sequence that satisfies the keyframe constraints
while preserving the original semantics. We further apply
the inference refinement strategies in Sec. 3 in the main
paper to ensure strict spatial adherence. Furthermore, our
method enables strict keyframe adherence, which is crucial
for precise local editing. For instance, to keep a motion seg-
ment unmodified, an artist can designate all frames within
this segment as keyframes. Our approach then strictly en-
forces these constraints while plausibly re-synthesizing the
modified motion parts.

10.3. Implementation Details
For the motion editing experiments in Sec. 5.2, we do not
provide text conditions following DNO [22], ensuring a fair
comparison (see Tab. 5 in the main paper). Our method em-
ploys 50 steps each for DDIM inversion and the subsequent
keyframe-guided denoising. The inversion process does not



Figure 10. Impact of the number of fixed-point iteration steps on
Source Similarity and Inference Time.

require keyframe conditions. We perform exactly one fixed-
point iteration per timestep during inversion, as experiment
results in Fig. 10 indicate this is sufficient: additional it-
erations yield no improvements while increasing inference
time. For the DNO baseline, we retrained its MDM back-
bone on our dataset. We also set its DDIM inversion and de-
noising steps to 50, matching our method. Following their
official configuration, we run the optimization for 300 steps
per denoising step.

To construct our test set, we selected semantically sim-
ilar motion pairs from the HumanML3D test set. Specif-
ically, we leverage the MotionFix dataset [6], a language-
based motion editing dataset that consists of semantically
similar motion pairs. From this, we further selected 122
pairs and verified that all editing targets were contained
within the HumanML3D test set. For pose editing scenar-
ios, we randomly select 1–5 frames from the source mo-
tion and replace them with their corresponding poses from
the target motion. For trajectory editing scenarios, we ran-
domly select 1–5 frames from the source motion and then
scale their (x, z) displacement relative to the first frame us-
ing random factors sx, sz ∼ U [−1, 2]. These factors are
sampled once per sequence and applied consistently to all
selected frames.

11. Experiment Settings
11.1. Baselines
Since we re-extract motions in the SMPL-X format and re-
sample them to 30 FPS, we retrain all baseline models on
this unified data format to ensure a fair comparison.
CondMDI. We utilize their global-root representation [10]
augmented with body shape parameters θb ∈ R10, yielding
a 273-dimensional feature vector. During training, we adopt
their randomly sampled partial keyframes training strategy,
which aligns with our masking approach. For the diffusion
process, we employ the DDPM framework with T = 1000
steps for both training and inference.

MaskControl. We utilize their relative-root representa-
tion [41] augmented with body shape parameters θb ∈ R10,
yielding a (263 + 10)-dimensional feature vector. Dur-
ing training, we adapt their Train on All Joints strategy for
keyframe conditioning by randomly selecting 22 joints as
constraints, consistent with our approach. We adhere to the
original training configurations for all other hyperparame-
ters. For inference, we adopt the Accurate protocol defined
in the original paper, using 600 iterations of Logits Opti-
mization in the last step of the unmasking process and 100
iterations during steps 1 to 9 of the unmasking process.

We observe that the results generated by our adapted
implementation of MaskControl are slightly worse than
those shown in the original visualizations. We attribute
this discrepancy to differences in task settings. In particu-
lar, MaskControl relies on the optimization for spatial con-
straints, which makes the problem more challenging in our
setting. (i) Compared to partial joint constraints, keyframe
constraints are spatially dense, requiring all joint constraints
to be satisfied simultaneously, which makes optimization
much harder and can lead to over-constrained motions and
artifacts such as drifting (see the foot skating ratios in Tab. 1
and Tab. 3). (ii) Optimization inherently risks causing mo-
tion latents to deviate from the learned distribution, degrad-
ing motion quality. This is particularly evident with tempo-
rally sparse constraints, where insufficient guidance leads
to under-constrained divergence and degraded naturalness.

OmniControl. We adopt the same data representation
as MaskControl for OmniControl. Following the original
method, the model is first pre-trained using the MDM [53]
model and subsequently trained with the OmniControl con-
figuration. Inference is performed using DDPM (T =
1000). Adhering to their inference protocol, we apply spa-
tial guidance with 10 optimization steps per timestep for the
first 990 denoising steps, and increase this to 500 optimiza-
tion steps for the final 10 denoising steps.

SFControl. For the second stage of training, we adopt the
same data representation used in MaskControl. Notably,
during the first stage (trajectory generation), we adhere to
the official codebase, which includes additional loss terms
not documented in the original paper: position reconstruc-
tion Lrecon, velocity reconstruction Lvel, and foot skating
Lfoot skating. We incorporate these losses using the weights
specified in their implementation. Furthermore, following
the open-source code, we construct the trajectory represen-
tation at each frame as a concatenation of three components:
(i) global root orientation rr ∈ R1, (ii) global root position
rp ∈ R3, and (iii) end-effector positions ep ∈ R3J (rela-
tive to the root), where J = 5 denotes the number of end-
effector joints.



11.2. Evaluation Metrics
Motion representation for evaluation. Since baseline
methods employ distinct motion representations, which of-
ten contain varying degrees of redundancy, a direct com-
parison of their raw model outputs is infeasible. Given that
the quality of the reconstructed motion is what ultimately
matters, we evaluate all methods based on reconstructed 3D
joint positions, which provide a consistent and fair basis for
quantitative comparison. To ensure our metrics capture the
intrinsic quality and semantics of the motion, invariant to
absolute global translation, we further transform this recon-
structed data into a unified representation. Specifically, the
final evaluation representation used for metric computation
consists of: (i) velocity-based root position and rotation,
and (ii) local joint position and velocity within the root co-
ordinate system.
Evaluation model. Since the pre-trained encoders from
prior work [13] are incompatible with our evaluation repre-
sentation, we retrain a text-motion alignment model follow-
ing Lu et al. [28]. This model employs a VAE-based archi-
tecture [37] consisting of a motion encoder, a text encoder,
and a motion decoder. The training objective is defined as:

L = Lrec + λKLLKL + λELE, (15)

where the reconstruction loss termLrec measures the fidelity
of the reconstructed motion given text or motion input. The
Kullback-Leibler (KL) divergence loss LKL regularizes the
encoded latent distributions—N (µM ,ΣM ) for motion and
N (µT ,ΣT ) for text—to align with a standard normal dis-
tribution, N (0, I). Finally, a cross-modal embedding sim-
ilarity loss LE enforces the latent codes for text (zT ) and
motion (zM ) to be similar to each other. We set λKL to 10−5

and λE to 0.1 in our experiments. This retrained backbone
serves as the foundation for computing FID and semantic
alignment metrics.
Motion quality. To assess motion quality, we employ the
Frechet Inception Distance (FID) metric, which compares
the feature distributions of generated and real motions us-
ing our pre-trained motion encoder. Additionally, we in-
corporate the foot skating ratio metric proposed by [21]
into our motion quality evaluation. Following their criteria,
foot skating is detected when the foot’s displacement ex-
ceeds 2.5 cm per frame while maintaining ground contact
(foot height < 5 cm). Instead of calculating the proportion
of frames in which either foot skids, we compute the slid-
ing ratio for each foot independently and report the average
across both feet.
High-level semantic alignment. For high-level semantic
alignment, we use motion-retrieval precision (R-precision)
and Multimodal Distance (MM Dist) to measure how well
the generated motions align with the input text prompts fol-
lowing Tevet et al. [53]. These metrics leverage the pre-

trained models to map motion and coarse-grained text into a
shared semantic space, which captures high-level semantics
such as action categories, but overlooks low-level motion
semantics such as precise timing. For example, given the
text prompt “A person initially running and decelerating to
walking” with keyframes K1 specifying a run pose and K2

specifying a walk pose, these metrics can assess whether
the generated motion contains the walk and run actions,
but cannot evaluate whether the timing of each action and
the transitions between them align with the spatio-temporal
constraints implied by the keyframes.
Low-level semantic alignment. We aim to assess whether
each generated inter-keyframe transition (i.e., the segment
between two consecutive keyframes) adheres to the low-
level semantics implied by the keyframe cues combined
with the text prompt. However, explicit semantic la-
bels (e.g., precise text descriptions) are typically unavail-
able for these intermediate segments. To address this, we
adopt the corresponding ground-truth motion segment as
the proxy for the intended semantics. We thus propose
a novel Segment-level Semantic Similarity (SS Similarity)
metric, which quantifies the semantic similarity between the
generated inter-keyframe transition and its corresponding
ground-truth motion segment. Since the ground truth mo-
tion inherently encapsulates the precise timing constraints
between keyframes, a high similarity implies that the gener-
ated motion exhibits temporal dynamics consistent with the
ground truth at the segment level, thereby suggesting better
alignment with the timing specified by the keyframes.

Specifically, we leverage a pre-trained TMR model [39]
to project both the generated and ground-truth segments
into a shared semantic latent space, computing their cosine
similarity. Our TMR model adopts the same architecture as
our text-motion alignment model but is optimized with an
additional contrastive objective:

L = Lrec + λKLLKL + λELE + λNCELNCE, (16)

where LNCE denotes the InfoNCE loss [33]. Since InfoNCE
optimizes the embedding space by maximizing the cosine
similarity between positive pairs (and minimizing it for neg-
ative ones), it explicitly structures the latent manifold to re-
flect semantic similarity via the cosine metric. Accordingly,
we set λKL = λE = 10−5 and λNCE = 0.1 to prioritize the
optimization of cosine-based semantic alignment.

Moreover, we validate that cosine similarity in this TMR
motion space serves as a reliable proxy for semantic simi-
larity. We observe a Pearson correlation coefficient of 0.826
between the cosine similarity of motion embedding pairs
and the cosine similarity of their corresponding text embed-
ding pairs in the learned TMR space. This strong correla-
tion suggests that high cosine similarity to the ground-truth
motion in the TMR space is a useful proxy for alignment
with the underlying textual semantics.
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