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Figure 1: We introduce F3AMD, an autoregressive diffusion framework optimized for motion synthesis for large crowds. We compare GPU
runtime performance for the baseline CAMDM (green) and the proposed F3AMD-FNQO-96 (purple). Left: With 8 denoising steps, both models
achieve comparable visual quality. Right: F3AMD models can still produce high-quality motions with just a single denoising step, whereas
CAMDM requires at least 4 denoising steps to maintain acceptable quality

Abstract

Recent advances in generative motion synthesis have enabled realtime autoregressive generation of diverse and realistic charac-
ter animations conditioned on user inputs, as demonstrated by models such as the Conditional Autoregressive Motion Diffusion
Model (CAMDM). However; real-world applications (e.g., computer games) often demand faster-than-realtime performance
for large numbers of characters. We introduce F3AMD (Fast FiLM-conditioned Fourier Autoregressive Motion Diffusion),
a framework that achieves an order of magnitude speedup over state-of-the-art systems for multi-character animation on
both GPUs and CPUs while maintaining high motion quality. Our key insight is that autoregressive motion diffusion is pri-
marily bottlenecked by architectural and sampling inefficiencies. To address this, F3AMD employs Fourier Neural Operators
(FNOs) as encoder-decoder modules, substitutes Transformer backbones with FNO blocks, replaces condition concatenation
with lightweight Feature-wise Linear Modulation (FiLM), and adopts a variance-exploding noise schedule with a deterministic
sampler. This design enables a substantially lower-dimensional latent space, facilitates learning in both the spectral and tem-
poral domains, and significantly improves sample efficiency. We conduct systematic ablations of key design factors, including
latent dimension, backbone type, diffusion window length, and number of denoising steps. Our recommended configuration,
F3AMD-FNO-96, achieves 20x speedup over the baseline CAMDM model, while maintaining comparable motion quality.
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1. Introduction

Online human motion generation is a fundamental problem in
animation, gaming, and extended reality. Recent diffusion-based
methods build upon the Motion Diffusion Model (MDM) frame-
work [TRG"23, HPD*24, VWLF*24, ZLT25, PSW™*24, SWJ*24,
CSH*24, LQR*24, YTY*23, MXP*25, ZCP*22], which can syn-
thesis human motions from multi-modal user inputs. The state-
of-the-art Conditional Autoregressive Motion Diffusion Model
(CAMDM) further enables real-time, long-horizon motion syn-
thesis of high quality. However, due to its Transformer back-
bone [VSP*17] and specific conditioning and sampling mecha-
nism, CAMDM remains limited in scaling to large-crowd anima-
tion for super—real-time applications such as gaming.

To address these limitations, we propose a novel motion
diffusion framework F3AMD (Fast FiLM-conditioned Fourier
Autoregressive Motion Diffusion), which achieves an order-of-
magnitude speedup with comparable quality to CAMDM. F3AMD
introduces several key innovations. Instead of concatenating condi-
tioning signals with motion features, we employ Feature-wise Lin-
ear Modulation (FiLM) to inject contextual information through
channel-wise scaling and shifting [PSDV*18]. We further re-
place conventional linear encoder—decoder layers and Transformer
backbones with Fourier Neural Operators (FNOs), which effec-
tively capture long-range temporal dependencies by learning global
interactions through spectral convolution in the frequency do-
main [LKA*21]. Together, FILM and FNOs enable operation in
a compact latent space, substantially improving performance and
scalability without compromising motion quality. In addition, we
replace the standard variance-preserving (VP) noise schedule and
stochastic sampling in MDMs with a variance-exploding (VE)
schedule and deterministic DDIM (Denoising Diffusion Implicit
Models) sampler for more efficient inference.

In summary, our contributions are:

1. We introduce F3AMD, a novel autoregressive motion diffusion
framework for fast and high quality character animation that uti-
lizes FNO backbone and encoder/decoder, and FiLM condition-
ing.

2. We employ a VE noise schedule with the DDIM sampler to fur-
ther improve sample efficiency.

3. We systematically evaluate the effect of various design choices
on model performance and motion quality, including the back-
bone type, condition injection mechanism, encoder/decoder
method, latent dimensionality, diffusion window length, and de-
noising step count. We show that our best model F3AMD-FNO-
96 can achieve up to 20x speedup in synthesis on both CPU
and GPU, through two multiplicative factors: a ~4x gain from
the new F3AMD architecture, and a ~5x gain from reducing the
number of denoising steps from 8 to 1, while maintaining high
motion quality.

2. Related Work
2.1. Conditional Autoregressive Motion Diffusion

Early motion diffusion models focus on fixed-length motion syn-
thesis from text or action labels [TRG*23, ZCP*22, STKB24],

which are not suitable for real-time online motion synthesis under
continuous user control. Conditional Autoregressive Motion Diffu-
sion Models (CAMDM) address this limitation by iteratively syn-
thesizing short motion segments (e.g., 16-48 frames) conditioned
on past motion history and optional user inputs. Recent variants in-
clude DART [ZLT25], AMDM [SWJ*24], AAMDM [LQR*24],
and CAMDM [CSH*24]. Among these, AMDM and AAMDM
employ MLP-based backbones, which enable high responsive-
ness but tend to lose temporal coherence over long motion roll-
outs. Transformer-based architectures such as DART and CAMDM
leverage extended temporal contexts to produce more stable mo-
tion. These models typically concatenate conditional inputs, such
as root trajectory or style embeddings, with motion tokens along the
temporal axis [CSH*24, HPD*24, LQR*24]. While Transformer-
based systems are capable of animating one or a few characters
in realtime, they remain insufficient for animating large crowds in
super-real-time applications such as gaming.

Existing CAMDM models typically adopt the VP noise sched-
ule with a DDPM (Denoising Diffusion Probabilistic Model) sam-
pler [HJA20], which we find leads to step-sensitive denoising and
reduced sampling efficiency. In contrast, we employ a VE sched-
ule [SSDK*21, KAAL22, KAL*24], which, when combined with
deterministic ODE-based samplers such as DDIM (Denoising Dif-
fusion Implicit Models) [SME21], enables efficient sampling with
far fewer denoising steps. This arises because VE training leads to
more consistent denoising behavior across noise levels, allowing
DDIM to track a stable deterministic trajectory and produce high-
quality samples, even in a single step.

Another popular choice for super-real-time character animation
is motion matching [Cla16, PAAP2S]. These methods excel in mo-
tion quality and stability by retrieving and blending high-quality
motion clips from large databases. In contrast, autoregressive gen-
erative models offer a more flexible framework for integrating di-
verse control signals and can synthesize a broader range of motions
beyond direct database retrieval.

2.2. Frequency Related Animation Methods

Animation methods have leveraged frequency analysis and the in-
herent periodicity within human motion before. Early approaches,
such as PFNN [HKS17], parameterized network weights using
a phase variable synchronized with the gait cycle, enabling sta-
ble and controllable locomotion. Later this approach has been ex-
tended to model multi-modal and non-periodic motions [SZKZ20,
ZSKS18, SZKS19]. DeepPhase [SMK?22] integrated these ideas
by learning a continuous phase manifold that produces compact,
phase-aware latent codes for fine-grained motion control. This
phase manifold-based formulation has since been used for mo-
tion in-betweening [SSKS23], phase-conditioned 3D pose estima-
tion [SSY*23], and text-driven frequency-domain motion diffusion
models [WHW*23]. Kry et al. [Kry12] introduced a spectral for-
mulation based on modal analysis, decomposing articulated mo-
tion into oscillatory vibration modes where lower frequencies cap-
ture global movements and higher frequencies encode local details.
These systems often employ customized architectures or pipelines
that do not generalize easily, whereas FNOs offer greater flexibil-
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(a) The F3AMD architecture replaces linear encoder—decoder layers with FNO blocks. The backbone block is repeated N times, each consisting of a base
block and a FiLM layer. A base block can be either an FNO or a Transformer encoder block. The FiLM layer injects condition signal by affine modulations.
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(b) An FNO block fuses a spectral branch with a local bias branch. The spectral branch transforms features into the frequency domain via real FFT (RFFT),
applies complex weights, and reconstructs the signal via inverse real FFT (IRFFT). The local branch consists of two 1D-CNNs capturing fine-grained details.

Figure 2: F3AMD Architecture: (a) the overall architecture. (b) the FNO block diagram.

ity as plug-and-play layers or modules within larger neural network
models.

2.3. Fourier Neural Operators

Fourier Neural Operators are a class of neural operators that
learn mappings between continuous function spaces [LKA*21,
KLL*23]. The FNO uses a spectral convolution to capture global
features: a Real Fast Fourier Transform (RFFT) to transform the
data to the frequency domain, then a learned complex transforma-
tion to each frequency feature and an Inverse Real Fast Fourier
Transform (IRFFT) to return to the temporal domain. This is then
summed with a local bias branch, which uses a standard convolu-
tional neural network to capture fine-details of temporal features.

Originally developed for solving partial differential equations,
this approach has achieved remarkable acceleration in large-scale
physical simulations such as Darcy flow [HW97]. While FNOs
have recently been explored as backbones for diffusion mod-
els [LT25, DCW25], their integration into motion diffusion mod-
els remains underexplored in visual computing. In this work, we
combine FNOs with a lightweight conditioning mechanism FiLM,
yielding a highly efficient diffusion framework for multi-character
motion synthesis.

3. Methods
3.1. Diffusion Framework

A neural network G is trained to predict the clean motion feature xg
from its noisy version x; based on the noise level 6(¢) and a context
signal ctx:

50 = Glx,0(0 (1)), Cletx) ()

Here, o(t) is the noise level, ¢(-) embeds it into a higher-
dimensional representation, and C(-) encodes the context. At in-
ference, the model iteratively denoises noise to generate the next
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motion segment, using each newly produced segment as context
for the next in an autoregressive manner.

3.2. Feature Representation

We use the 6D joint rotation representation to avoid discontinuities
that may cause instability during learning [ZBL*19]. For the root
joint, 3D positions and 6D orientations are included, with planar
XZ positions computed relative to the first frame. Facing direction
invariance is enforced through random direction augmentation dur-
ing training. The final motion feature is x € R >t where Cjj, is the
motion feature dimension and t is the number of frames.

3.3. Conditioning Signal

Following CAMDM [CSH™*24], we use three conditioning inputs
to guide autoregressive motion generation:

e History: past motion of a fixed number of frames.

e Future root trajectory: target 2D root displacements (x;o0r,
Zroor) and yaw orientation in 6D (0,00r).

e Motion style: a one-hot vector specifying the desired style (e.g.,
natural walking, dancing).

Each input is encoded by a single-layer network into tokens of
equal latent dimension, which are concatenated to form the con-
text sequence ctx. The scalar noise level ¢ is broadcast over
the diffusion window, and embedded by a time-embedding net-
work [KAL*24]. Then both the time embeddings and ctx are fed
into a cross-attention module to produce the conditioning signal
¢ € RGeona Xt

3.4. System Architecture
3.4.1. Backbone Block

A backbone block in F3AMD serves as the fundamental build-
ing unit of the diffusion model, as shown in Figure 2a. Motion
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features x € R are first encoded into a latent space z € RPXt

by an FNO encoder block, then processed through the backbone
blocks N times, and finally decoded back to the original motion
feature dimension via a final FNO decoder block. The parameter N
is referred to as the depth of the backbone. Each backbone block
consists of a base block, which can be either an FNO block or a
Transformer encoder block, followed by a FILM layer to modu-
late conditional features. The Transformer encoder block follows
the standard self-attention and feed-forward formulation with posi-
tional encodings [VSP*17]. Hereafter, we use the naming conven-
tion F3AMD-BaseBlock-LatentDimension to denote a specific
architectural variant.

3.4.2. FNO Block

The FNO block (Figure 2b) feeds a latent feature z to a spectral
branch and a local bias branch, and returns the sum:

&P = IRFFT(W © RFFT(2) . 0.,)) )
£ = SILU(Convg(SILU(Conve(SILU(2)))) ), ()
Zbase _ Zspec + ZIOC. )

Here, RFFT and IRFFT denote the real Fourier transform and its
inverse. The learned complex weights W € Cdoxdixm modulate
the first m retained frequency modes to provide global spectral
transformation. In the local bias branch, two temporal convolutions
capture local motion details: the first Conv, maps dimension dj
to dp and the second maps dy to d;. The FNO block can be an
encoder/decoder by setting dy # d;, and a sequence-to-sequence
model by setting dy = dj.

3.4.3. FiLM-Style Conditioning Layer

The FILM module applies affine modulation to the output of the
base block z°%¢ based on the conditioning signal c as follows:

[, B] = Conv; 1 (c), (5)
z=2""°© (1 +tanh(y)) + B, ©)
Ut — SiLU(COHV] w1 (Z)), @)

where the bounded gate (1 +tanh(y)) €[0,2] stabilizes training and
enables adaptive per-channel modulation.

3.5. Noise Schedule and Sampler

We use a variance-exploding (VE) noise schedule for train-
ing [KAAL22], where noise is added with a time-dependent scale
6(t) while the signal remains unscaled:

x =xp+0(t)e, e~N(0,I). (8)
The continuous schedule is defined as
1 1 1
o(1) = (Gus + 1 — o))’ ©)

where ¢ € [0, 1], Gmax and Gy, are the start and end noise levels,
and p controls the curvature. This formulation supports flexible step
counts during inference and is paired with the ODE-based DDIM
sampler for efficient sampling [SME21].

4. Training and Evaluation

We train on the 100STYLE dataset, which is a standard benchmark
for multi-style human locomotion [MSK22]. We resample the mo-
tions to 30 FPS, which is sufficient for learning human motions.

4.1. Loss Function

We adopt the loss function from CAMDM [CSH*24], denoted as
Lhaselines Which consists of a reconstruction loss, position and ve-
locity losses, and a foot contact loss (see supplementary materi-
als). We augment this loss function with an additional term, named
Inter-Round Discontinuity loss (Lrp), to penalize temporal dis-
continuities across autoregressive rounds. Lirp measures spatial
discrepencies at autoregressive window boundaries by minimizing
the Euclidean distance between the global joint positions of the last
frame of window 7 and the first frame of the next window #; ;:

Lrp = E[||FK(8s., ) — FK(3)[],] (10)

Our final training objective is £ = Lpaseline + MRDLIRD-

4.2. Experimental Protocol

We evaluate whether our models improve efficiency while main-
taining motion quality relative to the CAMDM baseline [CSH*24].
We vary three factors: (1) baseblock type (F3AMD-FNO vs.
F3AMD-Transformer), (2) latent dimension (32, 48, 64, 96, 128),
and (3) diffusion window length (32 vs. 64 frames). All models
are trained under the same parameter settings where possible. Af-
ter identifying the best quality—efficiency configuration, we further
test reducing the denoising steps from 8 to (4, 2, and 1).

4.3. Metrics on Model Efficiency
We evaluate model efficiency using two metrics:

e Synthesis Time: Average wall-clock time in milliseconds (ms)
per diffusion round, computed over 100 rounds for differ-
ent character counts {2',i € [0,...,10]} on GPU and {2,i €
[0,...,5]} on CPU.

e Training Time: Average time in minutes per training epoch,
computed for 100 epochs for each model.

4.4. Metrics on Motion Quality

We evaluate motion quality on long-horizon autoregressive anima-
tion rollouts. Each model generates a 2,560-frame (85 seconds at
30 FPS) sequence, corresponding to 80 autoregressive rounds (32-
frame models) or 40 rounds (64-frame models). All models are
conditioned on a complex 2D root trajectory (with varied speeds,
turns, and directions) and 100 different style labels (e.g., Aero-
plane, ArmsBehindBack, Cat) to test generalization and style cov-
erage.

We report standard metrics following MDM and
CAMDM [TRG*23, CSH*24], including FID (Fréchet Incep-
tion Distance), smoothness, foot sliding, and diversity (see
supplementary materials). In addition, we adapt two metrics
from [CSH™*24], incorporate two metrics from related works, and
introduce one new metric of our own, as described below.

© 2026 The Authors.
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e Trajectory Error (Traj.). Mean Euclidean error per frame in
meters between generated and reference root positions on the
ground plane. Global angle error between the vectors pointing
from the first frame to the current frame is used in [CSH*24],
which does not reflect the root location accuracy well. Moreover,
trajectory error is calculated for the full rollout in [CSH*24],
which tends to be dominated by inter-round discontinuities
around window boundaries. We calculate this error by compar-
ing the root position changes of the current frame wrt. the first
frame of each diffusion window, and rely on the IRD (to be de-
scribed shortly) to evaluate inter-round discontinuities.

e Direction Error (Dir.). Mean root yaw angle error per frame in
degrees. Similar to the trajectory error, we measure the differ-
ence of yaw angle changes wrt. the first frame of each diffusion
window, rather than the global facing direction error over the full
rollout as in [CSH*24].

e Earth Mover’s Distance (EMD). A non-parametric distribu-
tional metric that measures geometric alignment without assum-
ing Gaussianity [PW09,ACB17,ZCLS20]. Similar to FID, lower
EMD means lower discrepancy to ground-truth motion distri-
butions. Moreover, EMD values showed better consistency with
perceived motion quality than FID in our experiments.

e Style Coverage. For each style s with generated counts n§" and
target counts 72" [NOU*20, MPPSD17,LKFO18]:

. oogen tgt
Eominofn®) 0,

UN

Coverage =

Higher values indicate more diverse style coverage.

e Inter-Round Discontinuity (IRD). Mean Euclidean distance
(in centimeters) of the global joint positions between adjacent
frames at window boundaries:

IRD = E[||FK (&, +1) — FK(&) 2]

Lower IRD indicates smoother transitions across diffusion win-
dows. This new metric is introduced based on the observation
that autoregressive diffusion models often exhibit noticeable dis-
continuities at window boundaries.

4.5. Implementation Details

All models are implemented in JAX (v0.5.0) [BFS* 18], and trained
for 100 epochs using an inverse-square learning rate schedule (ini-
tial value 5 x 10*4, decay constant 105), batch size 512, and
EMA decay 0.993. Training is performed on an NVIDIA RTX
A6000 (48 GB) and an AMD Threadripper 3970X CPU. Each
training sample uses 10 history frames. All loss weights are set
to 1. FNO blocks use 17 frequency modes for 32-frame diffusion
windows and 33 modes for 64-frame windows. Noise parameters
Omax = 128, Opin = 0.01, and p = 3. For synthesis-time bench-
marking, models are compiled to IREE with CUDA (GPU) and
LLVM (CPU) backends. For fair comparison, we reimplemented
CAMDM [CSH*24] in JAX. So throughout this paper CAMDM
refers to our JAX implementation, while the implementation from
the original authors of [CSH*24] is denoted as CAMDM (Py-
Torch). Numerical differences between the two CAMDM imple-
mentations are reported in the supplementary materials.

CAMDM uses a latent dimension of 256 with depth N = 4. In

© 2026 The Authors.
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F3AMD variants, we test reduced latent dimensions and adjust the
network depth to balance capacity and efficiency as follows:

e N = 8 for latent dimensions 32 and 48,
e N = 6 for latent dimensions 64 and 96,
e N =4 for latent dimension 128,

where lower latent dimensions are coupled with greater depth to
maintain expressiveness, while higher latent dimenions are coupled
with lower depth to control model size.

5. Results

Our experiments show that the proposed F3AMD framework
achieves order-of-magnitude efficiency gains while preserving mo-
tion quality comparable to the CAMDM baseline [CSH*24].
Among all tested configurations, F3AMD-FNO-96 with 32-frame
diffusion windows offers the best trade-off between quality and
runtime for large crowds. Its single-step variant further accelerates
motion synthesis by over 20x on both GPU and CPU compared to
the baseline.

5.1. Model Efficiency

Table 1 reports synthesis time per diffusion round using 8 denoising
steps, and Figure 4 visualizes relative speedups. On GPU, F3AMD-
FNO models scale more efficiently as the number of characters in-
creases. For short diffusion windows of 32 frames, F3AMD-FNO
and F3AMD-Transformer exhibit similar latencies for under ten
characters, but performance differences widen beyond 16 charac-
ters. F3AMD-FNO reaches 4~8x speedup over CAMDM, while
F3AMD-Transformer variants attain roughly 2.5~3.5x. For 64-
frame diffusion windows, F3AMD-FNO maintains a 3~5x ad-
vantage and F3AMD-Transformer about 2~3x for large number
of characters. On CPU, where absolute latencies are higher, the
relative efficiency gains remain similar. For 32-frame diffusion
windows, F3AMD-FNO achieves 5~8x speedups for 4-8 char-
acters and stabilizes near 3~4x for 16-32 characters. F3AMD-
Transformer variants yield lower but consistent 2~3x performance
gains.

Beyond runtime, Table 2 shows that F3AMD-FNO models train
the fastest. For 32-frame models, each epoch takes about 5 min-
utes versus 5~6 minutes for F3AMD-Transformer models and
12.5 minutes for CAMDM. At 64 frames, F3AMD-FNO still av-
erages 5~6 minutes per epoch, compared to 8~10 minutes for
F3AMD-Transformer and over 20 minutes for CAMDM. More-
over, F3AMD-FNO models typically converge in either compara-
ble or fewer number of epochs, compared to CAMDM.

5.2. Motion Quality

Table 3 summarizes motion quality across models. With 32-frame
diffusion windows, all models achieve similar EMD and compara-
ble perceptual quality. Quantitatively, between F3AMD-FNO and
F3AMD-Transformer, F3AMD-Transformer yields slightly better
FID and style coverage, while F3AMD-FNO provides better IRD.
These differences are visually negligible and likely stem from the
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Figure 3: Speedup over the baseline CAMDM. Each plot shows the runtime ratio tcappum/tmodel VS- the number of characters (log scale).
Ratios above 1 X indicate FSAMD-FNO-96 is faster. Blue: F3AMD-FNO variants. Red: F3AMD-Transformer variants.

Table 1: Synthesis time wrt. the number of characters for F3AMD-FNO, F3AMD-Transformer, and CAMDM. Timing in milliseconds is
measured for one autoregressive diffusion round using 8 denoising steps. We test up to 1024 characters on GPU and 32 characters on CPU.

Diffusion | Model Number of Characters (GPU) Number of Characters (CPU)

Window | Configuration 1 2 4 8 16 32 64 128 256 512 1024 1 2 4 8 16 32
F3AMD-FNO-32 4.59 474 453 462 478 476 5.11 7.07 11.62 21.52 4502 | 17.31 26.56 4531 78.58 133.24 229.20
F3AMD-FNO-48 442 495 474 469 475 487 562 797 1452 2884 61.45(28.60 4048 5834 99.29 161.82 289.68
F3AMD-FNO-64 5.40 5.37 539 543 556 599 6.85 934 1639 3321 64.04 | 3455 4730 68.80 107.96 184.88 307.17
F3AMD-FNO-96 5.58 6.31 5.87 592 6.46 6.68 829 12770 22.85 47.24 89.47 | 54.11 7098 94.05 146.56 248.74 376.07
F3AMD-FNO-128 4.73 496 5.55 585 596 6.33 8.06 11.81 2420 46.84 87.23 57.24 7292 101.29 147.18 239.18 422.12

32 frames | F3AMD-Transformer-32 |5.33 5.74 6.30 6.03 7.25 7.38 10.63 1536 26.19 4838 94.47|2948 44.83 63.50 107.16 190.90 372.52
F3AMD-Transformer-48 (5.80 6.08 6.17 6.85 9.44 9.90 1220 17.34 29.56 57.18 112.15(40.84 51.31 79.33 127.69 222.63 537.37
F3AMD-Transformer-64 (548 5.53 571 588 6.52 7.29 1031 16.04 26.66 52.07 102.21| 35.65 47.79 70.55 124.78 275.39 487.10
F3AMD-Transformer-96 (5.49 5.67 6.01 6.73 748 9.23 12.00 18.51 3428 66.54 129.23| 47.24 61.44 9492 157.79 345.85 607.59
F3AMD-Transformer-128 (5.09 5.29 5.61 6.21 7.15 7.95 10.61 16.05 30.28 59.45 115.84|47.94 62.73 93.30 149.34 303.06 568.89

CAMDM 4.45 435 5.60 7.06 8.95 14.94 28.60 51.36 97.23 185.79 360.61| 82.04 176.32 416.97 690.85 1004.69 1036.66
F3AMD-FNO-64 5.34 597 538 5.66 622 6.80 943 16.86 33.58 67.34 128.22| 51.82 7439 118.80 266.03 483.73 850.36
F3AMD-FNO-96 7.39 7.39 7.30 7.34 7.28 8.15 1238 24.05 4795 90.60 174.24| 71.72 106.12 160.65 342.86 605.56 1219.57
F3AMD-FNO-128 475 5.04 5.06 620 6.35 7.85 12.03 24.42 47.00 88.86 170.23| 73.62 114.54 158.89 323.74 609.88 1111.05

64 frames | F3AMD-Transformer-64 |5.87 6.34 6.88 8.78 8.13 11.09 16.83 28.37 55.13 107.83 211.15| 51.75 82.54 121.63 269.55 492.81 853.51
F3AMD-Transformer-96 (5.59 6.07 7.10 7.56 8.91 12.08 19.38 36.27 70.22 136.97 266.59 | 72.99 104.42 160.28 348.87 614.44 1194.35
F3AMD-Transformer-128 (5.09 5.36 5.87 6.62 7.91 10.76 16.60 31.76 61.57 120.79 230.40( 74.62 115.23 162.06 317.21 611.90 1139.48
CAMDM 6.07 6.32 7.30 9.54 16.07 28.25 51.87 100.36 191.04 376.25 743.21|180.06 411.18 665.34 1003.25 1041.73 1945.38

1 step -2 steps -4 steps -8 steps Table 2: Training time per epoch (min) on GPU (batch size 512).

- . - § ) Diffusion F3AMD-FNO F3AMD-Transformer
o 30 GPU 30 CPU Window | 32 48 64 96 128 | 32 48 64 96 128 |CAMDM
I 32 frames | 4.92 5.13 5.00 5.07 4.65|5.14 539 510 562 5.16| 1250
’f}_zo 7 20 64 frames | — - 580 648 605| — - 795 950 8.44| 20.60
_g x . — motion quality too poor for quantitative reporting
10 = 10 = p
o}
Q
) .ﬁ::
0 - [ L nl-qlu U L 0 =1 (| T T T ’ _ 3 1 3 3 _
D R T BT [ S R G A FNO s frequency-domain integration. The CAMDM baselme.: at
Number of Characters Number of Characters tains a better FID but a worse IRD. When mcreasing the diffu-
sion window size to 64 frames, all F3AMD variants exhibit minor
Figure 4: Speedup of F3AMD-FNO-96 relative to the §-step dcfiflr\?[(ll)a&og m I?Oth percet[))tual alﬁi quagtltatlvs mff:asures,vw'hereas
CAMDM (32-frame diffusion windows). Each plot shows the time ) cteriorates substantially, and we therefore omit its nu-
. merical results.
ratio (tcampm /tF3AMD-FNO-96) VS. the number of characters (log
scale). Ratios above 1x indicate F3AMD-FNO-96 is faster. Recommended Model. Balancing quality and efficiency, two

32-frame variants F3AMD-FNO-96 and F3AMD-Transformer-64
emerge as the strongest candidates ( bolded in Tables 1 and 3). They
have comparable quality, and comparable runtime at low char-
acter counts. For large crowds, F3AAMD-FNO-96 is 10% — 22%
faster than F3AMD-Transformer-64 on both GPUs and CPUs.

© 2026 The Authors.
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Table 3: Quality comparison across latent dimensions for F3AMD-FNO and F3AMD-Transformer, with CAMDM as baseline. Evaluated on
a 2560-frame test sequence (80 rounds for 32-frame and 40 for 64-frame models) using 8 denoising steps per round.

Diffusion Wind0w|M0del Configuration |FIDJ, EMDJ Style%1 Traj. (m){ Dir. (°)) Smooth| Foot] Diversity (cm)f IRD (cm)]
F3AMD-FNO-32 0.250 16.332 87.957 0.033 2.202 2.028 1.275 20.448 2.615
F3AMD-FNO-48 0.217 16.303 90.883 0.028 2.674 2.056 1.299 26.108 2.664
F3AMD-FNO-64 0.220 16.460 90.169 0.010 2.973 2277 1.326 26.088 3.621
F3AMD-FNO-96 0.189 16.134 93.980 0.033 3.260 2.147 1.282 29.721 1.795
F3AMD-FNO-128 0.211 16.505 91.901 0.074 4.266 2209 1.282 28.759 1.525

32 frames F3AMD-Transformer-32 | 0.165 15.677 95.729 0.037 2.135 1.753  1.307 29.770 4.497
F3AMD-Transformer-48 |0.176 16.172 95.652 0.045 2.341 1.969 1.344 33.616 3.414
F3AMD-Transformer-64 | 0.147 15919 95.290 0.051 2.485 1.831 1.281 34.253 3.359
F3AMD-Transformer-96 |0.175 16.118 96.325 0.040 2.952 1.742  1.281 33.537 4.015
F3AMD-Transformer-128 | 0.165 15.959 95.752 0.046 3.062 1.727 1.274 32.825 3.888
CAMDM 0.143 16.031 96.762 0.039 2911 3357 1.284 34.277 3.834
F3AMD-FNO-64 0.272 16.127 91.043 0.180 3.947 2438 1.279 28.717 1.993
F3AMD-FNO-96 0.239 16.118 92.646 0.102 3.614 2.540 1.251 31.451 2.029
F3AMD-FNO-128 0.260 16.059 90.828 0.049 3.671 2.522  1.270 28.853 2.467

64 frames F3AMD-Transformer-64 |0.236 16.220 94.732 0.182 2.331 2307 1.349 34.927 2.491
F3AMD-Transformer-96 |0.211 16.003 94.746 0.097 3.221 2412  1.281 36.382 2.023
F3AMD-Transformer-128 | 0.222 15.923 93.642 0.044 3.434 2.150 1.267 35.050 2.104
CAMDM - - - - - - - - -

— motion quality too poor for quantitative reporting

Table 4: Synthesis time in milliseconds wrt. the number of characters for the 32-frame F3AMD-FNO-96 model using different denoising
steps. We test up to 1024 characters on GPU and 32 characters on CPU. 1-step and 2-step CAMDM results are omitted due to poor quality.

Model Configuration 1 2

4 8

Number of Characters (GPU)

16

32 64 128 256

512

1024

Number of Characters (CPU)

2 4

8

16 32

F3AMD-FNO-96 (8 steps)
F3AMD-FNO-96 (4 steps)
F3AMD-FNO-96 (2 steps)
F3AMD-FNO-96 (1 step)

5.58 6.31 5.87 592 6.46
3.67 4.39 3.66 3.90 4.18
276 2.89 2.76 2.65 2.72
1.91 2.15 2.19 2.10 2.14

6.68
421
2.95

8.29
5.38
3.32
2.42

12.70 22.85
7.44 12.58
438 7.19
2.29 297 4.59

47.24

25.10
13.86
8.15

89.47
46.53
24.69
13.69

54.11

28.26
15.99
8.40

70.98
37.87
21.67
12.62

94.05
51.65
29.21
24.13

146.56 248.74 376.07

80.21
46.38
32.96

139.39  219.99
82.00 137.48
5224 99.98

CAMDM (8 steps)
CAMDM (4 steps)

4.45 4.35 5.60 7.06 8.95
2.12 2.05 2.30 2.94 4.29

14.94 28.60 51.36 97.23
742 14.64 27.35 53.15

185.79
102.58

360.61
199.71

82.04
52.03

176.32 416.97
104.65 209.16

690.85 1

004.69 1036.66

37248 542.88 596.71

Table 5: Quality comparison between F3AMD-FNO-96 and CAMDM with 32-frame diffusion windows using different denoising steps.
Evaluation is performed over 80 autoregressive rounds. 1-step and 2-step CAMDM results are omitted due to poor quality.

Model Configuration

| FIDY

EMDJ Style%1 Traj. (m)| Dir. (°)] Smooth|

Foot] Diversity (cm)T IRD (cm)]

F3AMD-FNO-96 (8 steps)
F3AMD-FNO-96 (4 steps)
F3AMD-FNO-96 (2 steps)
F3AMD-FNO-96 (1 step)
CAMDM (8 steps)
CAMDM (4 steps)
CAMDM (2 steps)
CAMDM (1 step)

0.189
0.189
0.184
0.184
0.143
0.177

16.134
16.135
16.078
16.079
16.031
16.761

93.980 0.033 3.260
93.983 0.033 3.260
93.909 0.033 3.257
93.895 0.033 3.257
96.762 0.039 2.911
95.495 0.042 3.046

2.147
2.147
2.141
2.141
3.357
2.437

1.282
1.282
1.285
1.285
1.284
1.211

29.721
29.719
29.649
29.648
34.277
29.786

1.795
1.794
1.729
1730
3.834
2.808

© 2026 The Authors.
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These properties make F3AMD-FNO-96 the more practical and
deployment-oriented configuration for multi-character animation
applications.

5.3. Denoising Step Analysis

Table 4 reports runtimes of the recommended F3AMD-FNO-96
model wrt. different numbers of denoising steps. On CPU, de-
creasing from 8 to 1 step achieves 6.4x speedup for 1 charac-
ter, and 3.4x for 32 characters. On GPU, 2.9x for 1 character
and 6.5x for 1024 characters. Motion quality at different steps re-
mains close quantitatively as shown in Table 5, and nearly indis-
tinguishable qualitatively from our perception. Figure 4 plots the
relative speedups wrt. the baseline CAMDM. Compared to 8-step
CAMDM, 1-step F3AMD-FNO-96 is about 4 x faster for 16 char-
acters and 25 faster for 1024 characters on GPU, with similar 10—
20x speedups on CPU. Quality of the original CAMDM degrades
significantly with reduced number of denoising steps, as will be
discussed in more detail shortly.

6. Discussion and Future Work

F3AMD demonstrates that frequency-operator—based architectures
(FNOs), when combined with lightweight FiILM conditioning and
VE-based deterministic sampling, make autoregressive motion dif-
fusion practical for crowd-scale scenarios—a regime that was not
feasible with CAMDM-style Transformer architectures. Our key
insight is that autoregressive motion diffusion is primarily bot-
tlenecked by architectural and sampling inefficiencies. By co-
designing these components, we enable a new operational regime:
stable single-step autoregressive diffusion at super-realtime rates
on GPUs for crowd-level animation.

Additional ablation studies are presented in Appendix E to ex-
amine the contribution of each component. In particular, we further
analyze the effects of different backbone and encoder—decoder ar-
chitectures, conditioning strategies, and latent dimensionalities. We
also discuss the relative insensitivity of the VE+DDIM sampler to
the number of denoising steps, and outline several directions for
future improvements.

Backbone Choice. Transformers operate directly in the time do-
main with a computational complexity of O(TD? + T?D), where
the quadratic term arises from pairwise attention across sequence
length 7. In contrast, FNOs perform feature mixing in the fre-
quency domain using RFFT with complexity O(T log T D+ mD?),
where m denotes the number of retained spectral modes. This re-
places the quadratic attention cost O(TzD) with a quasi-linear
spectral transform O(T logT D). In this work, we retain all fre-
gency modes (m =T /2+ 1). Preliminary experiments with reduced
modes (m < T/2) yielded an additional ~ 10-15% runtime im-
provement for large character counts, with only mild quality degra-
dation — indicating further performance potential for F3AMD-FNO
models. Please refer to Table 8- 10 in Appendix E for more detailed
comparisons.

Conditioning Method. CAMDM concatenates the condition
and feature sequences along the temporal axis, expanding the in-
put length to 77 = 2T + Ty + Ttyle» which leads to a quadratic

attention cost 0(T’2D), where D is the latent feature dimension. In
contrast, F3AMD applies FILM modulation through per-channel
scale—shift conditioning, preserving the original input length 7" and
introducing only a lightweight computational cost. Please refer Ta-
ble 11 in Appendix E for more ablation results.

Latent Dimension. F3AMD maintains stability and quality at
low latent dimensions (e.g., the F3AMD-FNO-96 configuration),
when CAMDM becomes unstable due to severe mode collapses,
as shown in Table 12 in Appendix E. The reduced memory foot-
print and computational cost at low latent dimensions yield 2-3x
speedups in both training and inference for F3AMD.

Number of Denoising Steps. Each denoising step entails a full
network evaluation; hence reducing the number of denoising steps
lowers latency almost linearly. The speedup is slightly sublinear
at small character counts due to fixed launch overheads but ap-
proaches linear scaling as the number of characters increases.

Noise Representation. Following early motion diffusion works
such as MDM and CAMDM [TRG*23, CSH*24], we do not scale
the loss by noise magnitude, unlike most non-motion diffusion
models [HJA20, KAAL22]. Scaling the loss is not effective when
representing joint rotations in RS. As adding noise in the Euclidean
space disregards the SO(3) manifold structure, thus the noise mag-
nitudes do not correlate with rotation differences. Without loss scal-
ing, small-noise samples contribute little to the gradient, biasing
training toward higher noise levels. In future work, we plan to ex-
plore adding noise directly on SO(3) [YJHS25], which may enable
noise-scaled losses and improve performance at low noise.

Motion Quality. Both quantitative metrics and qualitative vi-
sual inspections indicate comparable motion quality among the
F3AMD-FNO, F3AMD-Transformer, and CAMDM models when
using the default 8 denoising steps. Notably, the F3AMD-FNO
model maintains stable quality even with fewer denoising steps
(Table 5 and Figure 1). In contrast, CAMDM requires at least 4
sampling steps to produce acceptable motion quality. Its results de-
grade significantly at 2 steps and become unstable at a single step,
as shown in our supplementary animation demo.

The step sensitivity of CAMDM stems from its VP noise sched-
ule combined with the DDPM sampler. Under this setup, the model
learns relatively coarse and stochastic corrections at high noise lev-
els, followed by finer corrections at low noise levels. Collapsing
the sampling process to a single step skips much of the stochastic
denoising trajectory and removes the low-noise refinement stage.
In contrast, F3AMD uses a VE noise schedule with a DDIM sam-
pler, as described in Section 3.5. This enables the model to learn a
clean-motion denoiser over additive noise levels, while DDIM uses
this prediction in a deterministic ODE-like update. As a result, the
visual difference between 8-step and 1-step denoising is largely
imperceptible. We further applied the same VE+DDIM setup to
CAMDM and found that it can also produce acceptable motion
quality with a single denoising step, achieving a 5x speedup over
8-step CAMDM. We note that although one-step DDIM may re-
duce diversity, it is fully deterministic only when both the condi-
tioning signals and the initial noise are fixed. In our demos, diver-
sity is still introduced through varying trajectories, styles, and noise
samples across multiple characters.

© 2026 The Authors.
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FNO variants may lose subtle motion details such as fine-grained
foot movements. In general, low-amplitude motion components are
more difficult to recover in Fourier-based models because their
spectral magnitudes are weak and can be overwhelmed by stronger
motions from other body parts at similar frequencies. Future work
will explore hybrid spatial-spectral architectures to further improve
motion fidelity and better balance the tradeoffs among efficiency,
smoothness, diversity, and fine motion detail.

For all models, minor discontinuities remain visible at diffusion
window boundaries. Such artifacts are commonly mitigated in au-
toregressive methods through blending or similar post-processing
techniques, which can further improve motion quality to produc-
tion level for deployment. We intentionally did not apply such post-
processing in order to examine the raw rollout behavior of the mod-
els; this also better motivates our inter-round discontinuity loss
and metric. The IRD results show that F3AMD-FNO-96 reduces
boundary errors compared with CAMDM, even though temporal
FFT on a finite window implicitly assumes periodicity and may
cause boundary artifacts.

Autoregressive models tend to accumulate drift in long-horizon
rollouts, motivating future exploration of stabilization strategies
such as scheduled sampling, condition noising, and training
across multiple windows. Evaluating and comparing our approach
with more efficient Transformer-style alternatives, such as linear-
attention variants [TDBM22, KVPF20, WLK*20], is also a worth-
while direction for future work. This work has primarily focused on
locomotion data; extending the evaluation to more heterogeneous
motion types remains an important next step.
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Appendix A: More Architecture Details

For F3AMD-Transformer variants, we scale the number of atten-
tion heads with the latent feature dimension. Specifically, for D =
32 we use a single head, for D € {48,64} we use two heads, and for
D € {96,128} we use four heads. This choice keeps the per-head
dimensionality sufficiently large to model rich motion-dependent
correlations, while avoiding an excessive number of small heads
that would fragment the representation and increase computational
cost without clear benefits.

Appendix B: CAMDM Loss

In CAMDM [CSH*24], the network is trained to reconstruct the
clean motion xq from its noise-corrupted version xr. Let Xy denote
the model’s reconstruction. The primary objective is a sample re-
construction loss:

Csamp:E[HfCo—XOH%] a1

A geometric loss using forward kinematics (FK) is included, which
maps joint rotations to global 3D positions:

Lpos = E [ [[FK (30) — FK(x0) 3] (12)

To encourage temporal consistency, a velocity loss computed over
consecutive frames is included:

Ly = E [ A% — Aol 3 ;
(13)
+ E[JIAFK (f0) — AFK (x0) 3]

A foot contact loss is also used to penalize predicted foot motion at
frames where the reference foot is in contact with the ground (see
[TRG*23] for more details).

The final training loss combines all the above terms through a
weighted sum:

L= Xsampﬁsamp + kpos [:pos + Xvell:vel + Xfootﬁfoot (14)

Appendix C: Other Metrics Used
Here is a list of additional metrics used from CAMDM [CSH*24]:

e Fréchet Distance (FID). It measures the discrepancy between
the mean and covariance of two distributions, approximated by
multivariate Gaussians [HRU*17].

e Temporal Smoothness. Average magnitude of second-order fi-
nite differences (joint accelerations) normalized by the mean ac-
celeration of the root in the ground plane.

e Foot Sliding. Mean horizontal displacement of toe joints dur-
ing contact frames (defined by vertical height < threshold 1cm
), normalized by the average root horizontal displacement per
frame.

e Diversity. Variance of local joint positions in the root frame for
multiple stochastic samples under identical conditioning signals.

Appendix D: CAMDM Implementation Comparison

Table 6 compares the motion quality of our CAMDM reimplemen-
tation in JAX with the original CAMDM implementation in Py-

Z. Qiao et al. / F3AMD: Fast FiLM-Conditioned FourierAutoregressive Motion Diffusion

Torch [CSH*24]. FID, EMD, style coverage, foot contact, and di-
versity metrics match closely. The JAX version yields lower trajec-
tory and facing-direction errors, while the PyTorch version shows
slightly better smoothness but higher IRD. Overall, the visual mo-
tion quality remains comparable. Table 7 compares the perfor-
mance of our CAMDM reimplementation in JAX with the original
PyTorch version [CSH*24]. GPU runtimes are quite similar, but the
PyTorch implementation is approximately 2—5x faster than the JAX
version on CPU. This gap arises because PyTorch leverages highly
optimized CPU-side attention kernels and supporting libraries that
are not available in JAX. On GPU, both frameworks rely on CUDA
backends, leading to comparable performance.

Appendix E: More Ablation Results

We further ablated more design choices in Table 9- 12, with the rec-
ommended configuration, F3AMD-FNO-96 with the standard FNO
backbone, FILM conditioning, FNO encioder/decoder, and m=17
retained frequency modes, as the baseline in the top row of these ta-
bles. Table 9 reports variants using FNO vs Linear encoder/decoder.
FNO encoder/decoder is preferred, as the linear alternative signifi-
cantly reduces style coverage and diversity.

Table 10 compares the performance with different number of
retained frequency modes m in FNO backbone. m=1 performs
poorly; for m>1, results are similar across metrics. The speed gain
with lower m is not significant. For example, m =4 is faster than the
baseline (m=17) by 3—4% at low character counts, ~8% at moder-
ate character counts, and 15-16% at high character counts.

Table 8 reports FNO backbone variants: discrete cosine trans-
form (DCT); reduced-rank FNO, which uses low-rank factorization
(rank=8) of spectral kernels for a tunable capacity—generalization
trade-oftf [CC25]; and weighted FNO, which employs learnable
per-mode gains on spectral coefficients (weight=0.7) that adjust
how much each frequency band contributes [LT25]. All FNO vari-
ants: Standard FNO, DCT, reduced-rank, and weighted FNO per-
form similarly overall with small trade-offs here and there.

Table 11 compares different conditioning methods: FiLM, con-
catenation, AdaLN-zero [Z*24], and cross-attention. All methods
are qualitatively comparable with small trade-offs here and there.
The major difference is the speed. The more characters to animate,
the wider the performance gap is. For 1024 characters, FiLM con-
ditioning is 2 x faster than concatenation, ~32% faster than cross-
attention, and ~9% faster than AdaLLN-zero.

Table 12 compares CAMDM-96 with F3AMD-FNO-96. At low
latent dimensions, CAMDM becomes unstable due to severe mode
collapses.

Appendix F: Sampler Details

Our model uses the variance-exploding (VE) forward noising pro-
cess:

xs =x9+0€, e~N(0,1),

where ¢ specifies the noise level. To apply a DDIM sampler, which
is conventionally written in the variance—preserving (VP) format
0; € (0,1], we convert each o; to the corresponding 0.
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Table 6: Quantitative comparison between our reimplementation of CAMDM in JAX and the original CAMDM (PyTorch) implementa-
tion [CSH*24]. Evaluated on a 2560-frame test sequence (8 denoising steps per round).

Model |FID¢ EMDJ Style%1 Traj. (m){ Dir. (°)] Smooth| Foot] Diversity (cm)t IRD (cm)|

CAMDM (JAX) 0.143 16.031 96.762 0.039 2911 3357 1.284 34.277 3.834
CAMDM (PyTorch) [CSH*24]|0.142 15.831 95.855 0.178 9.882 2499  1.249 34.375 4.426

Table 7: Synthesis time in milliseconds wrt. the number of characters between our reimplementation of CAMDM in JAX and the original
CAMDM (PyTorch) [CSH*24] (8 denoising steps per round). We test up to 1024 characters on GPU and 32 characters on CPU.

Number of Characters (GPU) Number of Characters (CPU)
Model Configuration 1 2 4 8 16 32 64 128 256 512 1024 1 2 4 8 16 32

CAMDM (JAX) 445 435 5.60 7.06 895 1494 28.60 51.36 97.23 185.79 360.61}82.04 176.32 416.97 690.85 1004.69 1036.66

CAMDM (PyTorch) [CSH*24]}12.31 12.57 12.60 12.53 12.49 13.90 25.30 48.28 90.57 179.73 345.26|34.58 53.08 87.71 155.08 299.21 576.42

Table 8: FNO backbone variants: DCT, reduced-rank, and weighted FNO as alternatives to the standard FNO in F3AMD.

Model |FID¢ EMDJ Style%?T Traj. (m)J Dir. (°)] Smooth] Foot] Diversity (cm)f IRD (cm)l
F3AMD-FNO-96 0.189 16.134 93.980 0.033 3.260 2.147 1.282 29.721 1.795
F3AMD-DCT-96 0.193 15.534 92.528 0.045 3.708 1.713  1.240 27.670 3.521
F3AMD-weighted-FNO-96 0.190 15.833 93.222 0.081 3.798 1.919 1.289 29.186 1.770
F3AMD-reduced-rank-FNO-96 | 0.173 15.584 94.612 0.081 4.328 2279 1.282 29.437 1.717

Table 9: Encoder/decoder: Linear vs FNO. Replacing the Fourier-based encoder/decoder with standard linear layers.

Model | FID] EMDJ] Style%?T Traj. (m)] Dir. (°){ Smooth| Foot| Diversity (cm)T IRD (cm)|
F3AMD-FNO-96 (FNO enc/dec) 0.189 16.134 93.980 0.033 3.260 2.147 1.282 29.721 1.795
F3AMD-FNO-96 (linear enc/dec) 0.271 15.733 87.418 0.037 1.907 2.195 1.243 16.067 1.548
F3AMD-Transformer-64 (linear enc/dec) | 0.416 15.780 74.128 0.052 2.132 1.629 1.130 4.157 3.350

Table 10: Retained frequency mode (m) variants. F3SAMD-FNO-96 with different m. The baseline uses m=17.

Model |FID¢ EMDJ Style%?1 Traj. (m)| Dir. (°) Smooth| Foot| Diversity (cm) IRD (cm)|
F3AMD-FNO-96, m=17 [ 0.189 16.134 93.980 0.033 3.260 2.147 1.282 29.721 1.795
F3AMD-FNO-96, m=14{0.195 15.870 93.659 0.028 3.293 1.897 1.290 29.779 3.131
F3AMD-FNO-96, m=12{0.196 15.972 93.416 0.055 3.401 2.179  1.304 30.298 1.939
F3AMD-FNO-96, m=8 [0.178 15.648 93.828 0.096 3.157 2173  1.284 30.471 2.270
F3AMD-FNO-96, m=4 [0.181 15.657 94.687 0.083 3.320 2.111 1.281 29.416 2.006
F3AMD-FNO-96, m=1 [0.203 15.790 92.912 0.065 2.683 2.115  1.306 26.598 2.287

Table 11: Conditioning variants: FiLM, concatenation, AdaLN-zero, and cross-attention for F3AMD-FNO-96.

Model |FID¢ EMDJ Style%?T Traj. (m)| Dir. (°)) Smooth| Foot| Diversity (cm)? IRD (cm)] Time (ms){
F3AMD-FNO-96 (FiLM) 0.189 16.134 93.980 0.033 3.260 2.147 1.282 29.721 1.795 89.47
F3AMD-FNO-96 (concatenation) |[0.183 15.780 94.317 0.024 3.541 2.174 1.267 30.563 2.036 183.39
F3AMD-FNO-96 (AdaLLN-zero) [0.169 15.700 94.921 0.019 3.319 2390 1.322 30.385 2.329 97.37
F3AMD-FNO-96 (cross-attention) [ 0.173 15.431 94.703 0.016 3.002 2441  1.290 29.493 2.009 118.40

Table 12: CAMDM-96 vs. F3AMD-FNO-96. Quantitative comparison when the latent dimension is fixed to 96.

Model |FIDJ, EMDJ Style%?1 Traj. (m)| Dir. (°)] Smooth| Foot| Diversity (cm)? IRD (cm)]
F3AMD-FNO-96 | 0.189 16.134 93.980 0.033 3.260 2.147 1.282 29.721 1.795
CAMDM-96 1.860 30.743 2.000 0.394 14560  3.046  3.357 0.496 10.882
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G to 0. conversion:

t= T 5

1407

Clean-sample prediction: Our denoising network G directly pre-
dicts the clean signal:

%o = G(x1,01)
The noise estimate implied by this prediction is:
Xt — 56\()
G

€=

Deterministic DDIM update:

X—1 = /01X + /1—0_1€
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