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Fig. 1: User study results on the HumanML3D test set comparing RAM with state-of-
the-art methods. We conducted a perceptual study to evaluate human preferences based
on a holistic assessment of two key dimensions: motion quality and semantic alignment.
Participants were instructed to rank the generated motions from different methods by
jointly considering these factors. The results indicate that RAM achieves the best
overall performance, demonstrating its superior capability in generating motions that
are both realistic and semantically accurate.

A User Study

To further validate the effectiveness of our method from a perceptual perspective,
we conduct a user study comparing three methods: MoMask [2], Salad [3], and
our proposed RAM. We randomly select 30 text prompts from the test set and
generate one motion sample per method for each prompt, resulting in 90 motion
samples in total.

We recruit 15 participants, each holding at least a bachelor’s degree. Each
participant is asked to evaluate all 30 text prompts. For each prompt, the partici-
pant views the three generated motions (presented in random order to avoid bias)
and ranks them from best to worst based on two criteria: (1) text-motion align-
ment, i.e., how well the generated motion matches the semantic content of the
text, and (2) motion quality, i.e., the naturalness and realism of the generated
motion. Participants are instructed to consider both criteria comprehensively
when providing their rankings.



The results of the user study are presented in Fig. [I} which shows the distri-
bution of rankings across all evaluations. Our method achieves the best overall
performance, securing the first rank in over 50% of the cases. This result demon-
strates that our approach generates motions that are not only better aligned
with the input text but also exhibit superior quality compared to MoMask and
Salad.

B Inference Efficiency

Table 1: Experiments on inference efficiency. We compare the Average Inference Time
per Sentence (AITS) and generation quality of RAM (20 steps) against MDM (50
steps) with varying REG configurations. The results demonstrate that RAM achieves
higher efficiency (lower AITS) than MDM even when REG is fully enabled. Moreover,
applying REG only in the early denoising steps yields significant improvements in FID,
confirming that correcting errors early in the diffusion process is critical for mitigating
error propagation and enhancing motion realism.

Method enable REG at step t AITS| FIDJ R-Precision

Top 1 Top 2 Top 3

MDM
(50steps) None 0.490 | 0.398%°10 | 0.456%:002 (.646+ 003 (.752% 002
None 0.226 | 0.132F005 1 5617002 ( 752F 002 () 838+ 002
RAM [46,44] 0.235 | 0.075%:003 | 0.561%:002  0.750%:002  ( g3gE-00L
(20steps) [46, 44, 41, 39] 0.261 | 0.046%:002 | 0.561%:003 .750%:002 (.g38+-002
[46, 44, 41, 39, 36, 34] 0.284 | 0.038%092 | 0.560%003 (.750% 001 (. g3+ 002
All except the inital step | 0.398 | 0.032%:002 | .561%:003 (.751%:002 (. 839+ 002

The proposed Reconstructive Error Guidance (REG) introduces an addi-
tional reconstruction step for previous predictions during inference, which in-
creases inference time. However, experiments show that RAM requires substan-
tially fewer inference steps than most commonly used motion diffusion models.
As discussed in Sec. 4.2 of the main paper, training uses T' = 50 diffusion steps.
For efficient inference, we automatically select 20 denoising steps by linearly
spacing them within the interval [0,...,T — 1], resulting in the following indices:

t = [49, 46, 44, 41, 39, 36, 34, 31, 28, 26, 23, 21, 18, 15, 13, 10, 8, 5, 3, 0].

We compare MDM (50steps) and several configurations where REG is applied at
different steps, reporting both their average inference time per sentence (AITS)
|1] and the resulting generation quality. AITS is calculated on the HumanML3D
test set by setting the batch size to 1 and excluding model and dataset loading
time. Note that MDM (50steps) is an improved variant of the original MDM,
offering higher inference efficiency and better generation results compared to
those reported in the original paper [5].
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Table 2: Effect of loss parameters 5 and 7. We study the gradient control parameter
B in latent alignment and the temperature 7 in self-regularization. A small 8 (e.g.,
0.01) yields the best performance by preserving essential motion information, while
unrestricted flow (8 = 1) degrades results. For 7, we find that the model is relatively
robust to this parameter, with 7 = 1.0 achieving the best performance.

R-Precision?

B T FID{ Top 1 Top 2 Top 3

MM DJ Diversity

1.00 1.0 | 0.278%008 | (.498%:002 g9t 002 (. 797E 002 | 301008 g 777E075
0.10 1.0 | 0.132%:003 | (.530%001  (.728%:003 (g 823+:003 | 9 gq7+-007 g gggE-067
0.01 1.0 | 0.032%:002 | (.561%003  .751%:002 (g 839%-002 | 9 716E.00T g 4g7E-084
0.00 1.0 | 0.045%:°03 | 0.563%002  .751%:003  (839%002 | g 707+-006 g 438+:053
0.01 2.0 | 0.055%093 | 0.561F 992  .753F:003 (. g842F 002 [ 9 704F 007 g 537F.078
0.01 1.0 | 0.032%:002 | .561%003  .751%:002  (839F002 | 9 716+:007 g 4g7E-084
0.01 0.5 | 0.039%:003 | (.560%002  .751%:002  (.841%002 | 9 791%:008 g 533+.076

The results summarized in Tab. [I] show that, due to fewer inference steps,
RAM achieves significantly higher efficiency even when REG is enabled at ev-
ery step (except the initial step , which lacks a previous prediction). Notably,
enabling REG only in the early denoising steps already leads to a marked im-
provement in FID. This supports our claim in the introduction that early de-
noising steps—responsible for recovering motion from nearly pure noise—are
particularly prone to generating error patterns, and thus benefit most from the
application of REG.

To further characterize the overhead, we measure the per-step cost of each
guidance configuration. At a batch size of 32, the per-step time ratio of base-
line:CFG:REG:CFG+REG is approximately 1:1.95:2.18:3.13, i.e. REG is essen-
tially at parity with CFG per step. Combined with the early-window analysis
above, applying REG only to the first 6 steps adds just 26% inference time (AITS
0.226—0.284 s) while improving FID by 71% (0.132—0.038), offering a favorable
quality—efficiency trade-off.

C Hyperparameter Analysis

In this section, we analyze the impact of key hyperparameters to verify our design
choices and understand their influence on model performance. Our investigation
covers three main aspects: (1) Internal loss parameters—evaluating 8 and T,
where 3 controls how strongly the latent alignment loss Ljatent updates the mo-
tion encoder F,,, and 7 shapes the geometry of the motion latent space through
the sharpness of similarities in self-regularization; (2) Loss weights—assessing the
balance between motion-centric latent alignment and self-regularization; and (3)
Latent dimension—exploring the trade-off between representation capacity and
model compactness.

Internal Loss Parameters. Tab. 2| illustrates how the internal parameters
B and 7 influence generation quality. 8 controls the gradient flow from the la-
tent alignment loss Ljatent to the motion encoder E,,, with 8 equal to 0 fully



blocking the gradient and 8 equal to 1 allowing unrestricted gradient flow. Our
results show that allowing equal proximity between text and motion latents
(that is, when S is equal to 1) is suboptimal, as this alignment comes at the
expense of motion information in the motion latents. In fact, reducing the gra-
dient flow to E,, improves performance, with the best results achieved when S
is set to 0.01. We attribute this to the constant evolution of the motion latent
space during training, which increases the difficulty of latent alignment. More-
over, enforcing strong alignment gradients on F,, can interfere with learning a
motion-discriminative latent space while it is still evolving, making the align-
ment objective harder to satisfy. By setting 8 to 0.01, we ease the alignment
process while preserving essential motion information in the latent space.

Another parameter T determines the sharpness of similarity in Lg,. A smaller
7 produces sharper similarities, pushing motion latents farther apart; if too ex-
treme, this can distort the structure of the motion manifold. In contrast, a larger
7 smooths the similarity, relaxing the constraints between latents, but may re-
duce gains in semantic resolution. Empirically, we found 7 = 1 offers a desirable
balance.

Table 3: Effect of loss weights. We evaluate the impact of varying the weights for the
self-regularization (wsy) and latent alignment (wiqtent) objectives. The quantitative
results show that RAM maintains stable performance across different configurations,
indicating that the model is robust to variations in these hyperparameters.

R-Precisiont

Wlatent Wsr FIDJ MM Distl Diversity

Top 1 Top 2 Top 3
1.0 1.0 | 0.037%092 | 0563003  755%:002 g gq3+:002 | 9 gg3+:008 g 49g+t-094
1.0 0.5 0'055:&,003 0'560:&,003 0.751:&003 0.841i'002 2.703i.009 9.482i’080
1.0 0.1 | 0.063%:00% | .555%:004 747002 (g g37£:002 | 9 799+.006 g 539E.074
1.0 0.0 | 0.109%:005 | .533%:003 722%:002 (g g15+:002 | 9 g5g+:009 g 5ngk-084
0.5 1.0 0'032:&,002 0'561:&,003 0.751:&002 0.839i'002 2.716i'007 9'487:&,084
0.1 1.0 | 0.056F002 | 0534003 (730%:002 (g goF 001 | 9 g39+.007 g 4g5%+-062
0.0 1.0 | 0.422%016 | 0476%:003  g73%:003 778002 | 3134%.010 g 457+.075

Loss Weights. We investigate the impact of the weights wjatent and wg;, which
correspond to motion-centric latent alignment and self-regularization, respec-
tively. The results are presented in Tab. 3] It can be observed that setting either
weight to zero results in a significant performance drop. However, as long as both
weights are nonzero, changes in their values have only a minor effect on perfor-
mance. These findings highlight the importance of each objective component and
demonstrate RAM’s robustness to variations in weight assignment.

Encoder Latent Dimension. The dimensionality of the encoder’s latent
space, dg—which determines the size of the motion and text latents—is a key
hyperparameter in our model. A larger dg can capture more intricate details but
increases the model size and may raise the risk of overfitting, while a smaller dg
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Table 4: Effect of encoder latent dimension dg. The results indicate that dg = 256
yields the optimal balance, achieving the lowest FID score. Furthermore, the model
exhibits robustness to dimension variations, with even a reduced dimension of 128
maintaining competitive performance, highlighting the compactness of the learned mo-
tion latent space.

R-Precision?

dg FIDJ Top 1 Top 2 Top 3 MM Distl. Diversity
128 0.043%+:002 0.546%+002 0.739+:002 0.829+:002 2.767+:008 9.509%+ 088
192 0.050%+:003 0.555%+:002 0.748%+:003 0.838%+:002 2.725%:008 9.545%:072
256 0'032:(:.002 0.561i'003 0.751:!:.002 0‘839:‘:'002 2‘716:‘:'007 9‘487:&'084
384 0.049+:002 0.555%+:002 0.748%+:002 0.836%+:002 2.746%:009 9.618%:104
512 0.064%+:003 0.558+:003 0.753%+:002 0.842%+:002 2.724%:007 9.583%+:085

may result in information loss. In our main experiments, we set dg to 256. Here,
we further explore how varying dg influences RAM’s performance.

As shown in Tab. {4 altering dg leads to only minor fluctuations in perfor-
mance, indicating that RAM is relatively robust to this hyperparameter. In-
terestingly, even when dg is halved to 128, RAM’s performance only decreases
slightly. This suggests that the learned latent space is highly compact.

D Implementation Details of Latent Space Training
Strategies

This section provides the detailed implementation configurations for the com-
prehensive comparison of latent space training strategies discussed in Sec. 4.4 of
the main paper.

Network Architecture and Hyperparameters. To ensure a strictly fair
comparison, all evaluated variants (Variants A-E and our proposed method)
share identical foundational configurations, differing only in their training ob-
jectives applied within the latent space. Specifically, all models employ the exact
same diffusion-based decoder and maintain equivalent model architectures with
the same number of parameters. Furthermore, the optimization hyperparame-
ters, including the learning rate, batch size, and the total number of training
steps, are kept strictly consistent across all experiments.

Training Objectives. Regarding the loss functions, for any loss weights that
are not explicitly specified in the variant descriptions in the main text, the de-
fault value is set to 1.0. Additionally, since our framework does not employ a
Variational Autoencoder (VAE) structure, none of the compared variants utilize
the Kullback-Leibler (KL) divergence loss. The specific loss weights for bidirec-
tional latent alignment and cross-modal contrastive learning (e.g., temperature
7 = 0.1) follow the exact settings described in the main paper to faithfully
reproduce the representative methods (such as TEMOS and TMR).

Inference Settings. At inference time, to isolate the impact of the latent space
representations on generation quality, all methods apply standard classifier-free



Table 5: Leave-one-out ablation on HumanML3D. Starting from the full RAM, we
remove a single component at a time.

Full w/0 Liatent W/0 Lgy w/o REG

FID] 0.032F:002| 9 424F-016 | ggqE-003| o, 132+ 005
R-Precision Top 11]0.561%993| 0.476%°93 |0.536%:003|0.561+ 002

guidance (CFG). To ensure fairness in evaluating the baseline capabilities of the
latent spaces, REG is not employed for any of the variants during this specific
evaluation.

® text latents §o
® motion latents *”

(a) Variant A (paired-cos=0.157) (b) Variant E (paired-cos=0.493) (c) RAM (paired-cos=0.579)

Fig. 2: Joint t-SNE of paired text and motion latents on HumanML3D.

Visualizing the Motion-Centric Latent. To directly verify that RAM
learns a motion-centric latent space, we apply joint t-SNE to paired text and
motion latents on the HumanML3D test set, as shown in Fig. [2} The two-stream
baseline (Variant A) forms compact text clusters but a diffuse motion distribu-
tion, revealing a modality gap. The contrastive variant (Variant E, i.e. TMR )
aligns the two distributions and exposes cluster-level structure. RAM yields the
sharpest clusters with the tightest within-cluster interleaving of paired text and
motion latents, corroborated by the per-panel pairwise cosine similarity. This
provides direct evidence that our motion-centric alignment preserves motion
structure while pulling the text condition onto the motion manifold.

E Leave-One-Out Ablation

To complement the incremental ablation in Table 3 of the main paper, we addi-
tionally report a leave-one-out study in Tab. ] where each component is removed
in isolation from the full RAM. Removing Ljatent causes the most severe degra-
dation (FID 0.032—0.424), as the text and motion latents are no longer aligned.
Removing L, degrades FID to 0.064 and Top-1 R-Precision to 0.536, confirming
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that self-regularization is essential for a discriminative motion latent. Removing
REG raises FID to 0.132 while leaving R-Precision unchanged, consistent with
REG primarily improving motion realism rather than semantic alignment. None
of the reduced variants approaches the full model, demonstrating that the com-
ponents are complementary rather than redundant.
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Fig. 3: REG: per-sample scatter (a), per-step magnitude (b).

F Empirical Analysis of REG’s Correction

Fig. a) examines REG at a single denoising step (B=128). Viewing the text
condition as an anchor in the motion latent space (Sec. 3.2 of the main paper),
the distance from the prior reconstruction latent to the text anchor serves as a
proxy for the magnitude of the previous step’s error. We find that this distance
correlates positively with the magnitude of the REG correction (median Pearson
r220.62): the more erroneous the previous prediction, the stronger the correction
REG applies. REG thus self-scales to where the model is wrong, rather than
applying a uniform push.
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