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Fig. 1. CurveCodec is a transformer-based neural codec for skeletal animation. It operates on arbitrary skeleton topologies and reconstructs motion near-
losslessly, compressing 3× tighter than traditional motion compression libraries such as ACL at matched mean fidelity.

Production animation compression demands a unified compression algo-
rithm that generalizes across heterogeneous characters with arbitrary skele-
tal topologies and diverse motion distributions. Existing learned motion en-
coders, however, are typically designed for fixed skeletons and relatively
narrow motion domains, limiting their applicability in production environ-
ments. In this work, we present CurveCodec, a neural animation codec
that achieves up to 3× higher compression than ACL, a production anima-
tion compression library widely adopted in modern video game engines,
at matched mean reconstruction fidelity, although its worst-case (Max and
P99) error remains higher than ACL’s. Our key design principle is to place
the learned prior at the smallest skeleton-independent motion unit: the lo-
cal joint motion curve. Each curve is encoded as a first-frame state, a com-
pact Fourier descriptor, and a sparse set of temporal anchors, from which
a shared transformer decoder reconstructs the dense trajectory. This curve-
level formulation decouples reconstruction from skeletal topology while ex-
posing anchor sparsity as a direct rate–distortion control. We further eval-
uate generalization to unseen skeletons and motion domains, characterize
decoding cost relative to hand-engineered codecs, and explore its use as
an intermediate representation for generative animation. Code and data for
this paper are at https://github.com/AIGAnimation/CurveCodec.
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1 Introduction
A skeletal animation clip stores rotations, translations, and scales
for tens to hundreds of joints. Compressing these data is there-
fore essential in modern production pipelines, where animation li-
braries must satisfy strict memory, storage, and streaming budgets.
Beyond storage, compression is also a way to study motion rep-
resentation: a codec that removes more redundancy must capture
stronger priors over how articulated bodies move.These priors also
support tasks such as motion synthesis, visualization, and search.
Production codecs and learned motion encoders share this goal,
but make different trade-offs. Production codecs must generalize
across arbitrary skeletons and diverse motion distributions with-
out retraining or manual tuning. Learned motion encoders achieve
strong compression by learning data-driven priors, but these priors
are typically tied to fixed skeletons and narrow motion domains.
The core issue is where the prior is placed. Existing learned ap-
proaches model the distribution of poses, which tightly couples the
representation to skeleton topology and character-specific motion
patterns. Hand-engineered codecs avoid this limitation by using no
learned prior, but this also limits the motion structure they can ex-
ploit.

ACL [Frechette 2023] represents the current industry standard
for hand-engineered animation compression. It operates on uni-
formly sampled tracks, applies range reduction, classifies sub-tracks
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as constant, default, or animated, and quantizes samples using one
of several fixed bitrates under a global error threshold. Every com-
pression decision is made independently per clip, and the codec
contains no learnedmodel of articulatedmotion.This designmakes
ACL portable and robust across arbitrary skeletons and unseen an-
imations, but its rate–distortion ceiling is limited by what engi-
neered quantization can extract from local signal statistics. Learned
motion encoders occupy the opposite end of the spectrum. Motion
VAEs [Ling et al. 2020], vector-quantized models [Yao et al. 2024],
and residual VQ-VAE approaches [Guo et al. 2024] compress mo-
tion by learning latent priors over dynamics. However, they encode
full-body poses or short motion windows directly, coupling the la-
tent to the training skeleton, character morphology, and motion
distribution. Generalizing to unseen characters or motion domains
therefore often requires retraining or test-time optimization.

We close this gap with CurveCodec, a neural codec that com-
presses skeletal animation 3× more tightly than ACL at matched
mean fidelity, though not yet at ACL’s worst-case stability, while re-
maining deployable across arbitrary skeletons and unseen motions
with no test-time retraining or optimization. CurveCodec achieves
this by learning priors of the right kind: not over full-body pose
sequence distributions, but over the distributions of local joint mo-
tion curves. Our key design principle is to learn at the smallest mo-
tion unit that remains skeleton-independent: the local transform
sub-track. Unlike pose-space priors, priors over joint-wise tempo-
ral evolution capture simpler and more transferable structure that
naturally generalizes across characters and skeletons. This allows
CurveCodec to retain the portability of hand-engineered codecs
while improving on their average rate–distortion trade-off.

Furthermore, wemake a simple empirical observation: local joint
motion curves are highly redundant over time. These sub-tracks
are not arbitrary smooth signals; they often show bounded oscil-
lation, phase-like trends, repeated returns to similar values, and
sparse high-frequency deviations caused by contacts or sharp ac-
celerations. Hence, we represent each dense sub-track compactly
by its first-frame state together with a sparse set of temporal an-
chors that describe how the motion evolves, while the remaining
samples are reconstructed by a learned decoder. This formulation
naturally exposes anchor sparsity as a continuous rate–distortion
control and generalizes across widely varying skeletal topologies,
including the humanoid, stylized game-character, quadruped, and
diverse animal skeletons used in our experiments.

Concretely, our codec decomposes each local joint motion curve
into three signals: the first-frame state, a compact Fourier descrip-
tor that summarizes the sub-track’s overall trend, and a sparse set of
anchors sampled along the sub-track. A single shared transformer
decoder takes these signals and reconstructs the dense rotation,
translation, or scale curve by infilling the motion between anchors.
Anchor sparsity serves as the compression rate control knob, and
the same decoder weights cover the full operating range.

We emphasize that CurveCodec is not intended to replace ACL
in real-time runtime production settings. ACL decompresses poses
in microseconds and operates without GPUs or learned weights,
whereas CurveCodec requires neural inference during decoding.
Instead, our goal is to explore a different point in the design space:
howmuch additional compression becomes possible once lightweight

neural decoding is acceptable. We build on ACL, crediting it as both
the baseline and an inspiration. Two trends make this design point
increasingly relevant: compute is shifting toward neural accelera-
tors, and animation-rich content keeps growing with video-based
mocap and generativemotion. Accordingly, beyond in-domain com-
pression, we evaluate generalization to unseen skeletons and mo-
tion domains and characterize decoding cost. We further explore
the compressed representation in a downstream generative frame-
work, suggesting that the learned codec can also provide a useful in-
termediate representation for motion generation. In summary, our
contributions are as follows:

• A skeleton-agnostic neural codec. We introduce a neural
animation compression framework that generalizes across
arbitrary skeletal topologies and unseenmotionswithout test-
time retraining or optimization, achieving up to 3× higher
compression ratios than ACL at matched mean reconstruc-
tion fidelity.

• Local jointmotion representations.Weparameterize each
curve as a first-frame state plus compact temporal deviations,
making the learning problem simpler and exposing the peri-
odic structure captured by our Fourier descriptor and sparse
anchors.

• Aversatilemotion representation beyond compression.
We show that the compressed representation transfers di-
rectly to downstream generative animation tasks without ar-
chitectural modification.

2 Related Work
Skeletal animation compression is a long-standing problem in com-
puter graphics. Earlywork focused onmaking animation data smaller
and faster to decode in production systems. More recent learned
representations show that motion can also be organized into com-
pact spaces that support reconstruction, synthesis, and control. Our
motivation lies at the intersection of these goals: we want a rep-
resentation that is compact enough to serve as a practical codec,
while also serving as an intermediate representation for generative
models that operate across arbitrary skeletons.

2.1 Hand-engineered Animation Compression
Before the growth of deep learning, the goal of animation compres-
sion was to remove temporal redundancy, inter-joint redundancy,
and perceptually insignificant detail while preserving amotion that
remains faithful. Early methods started by compressing animated
meshes [Karni and Gotsman 2000; Rossignac 1999], where coher-
ence appears directly in vertex trajectories. Arikan [Arikan 2006]
marked an important shift from mesh trajectories to skeletal mo-
tion curves: instead of compressing the generated mesh animation,
they converted joint angles into virtual marker trajectories, fitted
short motion clips with cubic Bézier curves, and projected the re-
sulting curve parameters into clustered PCA subspaces. Following
work continued to exploit low-dimensional structure in skeletal
motion, including segment-level PCA and spline interpolation [Liu
and McMillan 2006], quadratic Bézier break-and-fit curves [Khan
2016], wavelet coefficient selection [Beaudoin et al. 2007; Lee and
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Lasenby 2008], and perceptually guidedwavelet compression [Firouz-
manesh et al. 2011].

Other methods began to exploit motion priors across a database
through motion pattern indexing, repeated-motion analysis, adap-
tive curve fitting, and quantization [Gu et al. 2009; Lin et al. 2010],
showing that skeletal motion contains substantial temporal, spatial,
and cross-clip redundancy. Production codecs such asACL [Frechette
2023] prioritize transform-track processing and extremely fast de-
coding; our method keeps this deployment-oriented framing but re-
places independent per-track quantization with a learned decoder.
Unlike spline, wavelet, or PCA codecs that rely on fixed analytic
bases or database-specific subspaces, CurveCodec uses transmitted
anchors to condition amotion-trained decoder rather than to define
an interpolation curve directly, retaining an explicit bitstream and
rate–distortion knob while replacing hand-designed interpolation
with a data-driven curve prior. Our anchors also relate to keyframe
extraction [Halit and Capin 2011; Lim and Thalmann 2001] and dis-
crete curve simplification [Barkowsky et al. 2000], and our decoder
to learned motion in-betweening [Harvey et al. 2020]; unlike these,
we select anchors per scalar sub-track and train the in-filling de-
coder under a codec objective.

2.2 Implicit Representations
Implicit representations provide an alternative to hand-designed
curve, wavelet, and PCA bases by representing a signal as a contin-
uous function. They have been used for shapes, images, and videos,
including signed-distance and occupancy fields [Mescheder et al.
2019; Park et al. 2019], Fourier-feature and sinusoidal coordinate
networks [Sitzmann et al. 2020; Tancik et al. 2020], image com-
pression with implicit networks [Dupont et al. 2021], and neural
video representations [Chen et al. 2021]. For motion, NeMF [He
et al. 2022] represents kinematic animation as a neural field over
time, showing that skeletal trajectories can be reconstructed from
a learned continuous representation rather than stored sample by
sample. These works support the idea that continuous signals need
not be stored only as dense samples; they can be reconstructed from
compact coordinates, latent codes, or network weights. However,
implicit representations often represent each instance through its
own optimized weights, latent code, or per-signal fitting procedure.
Our work takes the same functional view but makes it codec-like
for skeletal animation: the learned function is a shared decoder,
while the transmitted first-frame state, Fourier descriptor, and an-
chors form an explicit bitstreamwhose density controls the storage-
fidelity tradeoff without per-clip optimization.

2.3 Learned Motion Representations
Beyond compression, learned motion priors have been widely stud-
ied for synthesis, editing, control, retargeting, and pose estimation.
Motion manifolds and deep motion representations show that valid
character motion occupies a much smaller space than raw joint ro-
tations [Holden et al. 2016, 2015]. VAE-style priors further use la-
tent motion spaces for character control, action-conditioned syn-
thesis, and robust pose estimation [Ling et al. 2020; Petrovich et al.
2021; Rempe et al. 2021]. Phase-based models such as DeepPhase

and PhaseMP learn structured motion priors around periodic dy-
namics and timing [Shi et al. 2023; Starke et al. 2022], organizing
motion by temporal structure much as our Fourier descriptor does.
Together, these works show that motion priors are a powerful ab-
straction for animation, but they are usually designed around a
fixed body representation, task, or dataset. Closest in spirit, Learned
Motion Matching [Holden et al. 2020] amortizes an entire anima-
tion database into compact networks that replace explicit storage
and search. We share the premise that a learned model can stand in
for the data itself, but it targets interactive control on a fixed char-
acter, whereas CurveCodec targets near-lossless, skeleton-agnostic
reconstruction with an explicit bitstream and rate–distortion con-
trol.

Cross-skeleton methods address part of this limitation by learn-
ing representations for retargeting or skeleton-agnostic animation
tasks [Aberman et al. 2020; Lee et al. 2023; Villegas et al. 2018].
These methods are important because they move beyond a single
skeleton layout, but their objectives remain different from anima-
tion compression: they are not optimized for explicit bitstreams,
rate–distortion control, compressed size, and fast decoding. Our
work makes the compressed representation itself the motion prior.
It is trained under a codec objective, remains applicable to arbitrary
skeletons, and can also serve as an intermediate representation for
generative models.

3 Preliminaries
This section describes the data format and pipeline used by Curve-
Codec. Skeletal motion is stored as per-joint rotation, translation,
and scale sub-tracks. We first describe this data structure, the com-
pression ratio convention used by ACL [Frechette 2023], and then
show the two-stage view of the full pipeline: deterministic prepro-
cessing shared with ACL, followed by our learned codec. We de-
scribe this shared preprocessing stage for completeness. After these
steps, every clip becomes a set of normalized one-dimensional sig-
nals, one per joint, transform component, and axis. These signals
are the curves compressed by the learned codec in Sec. 4.

3.1 Skeletal Animation
Hierarchical representation. A skeleton is the spatial structure on

which motion is defined. It contains 𝐽 joints connected as a rooted
tree. Each joint has one parent except the root, and a child joint is
evaluated relative to the transform of its parent. Different charac-
ters usually use different skeletons because their meshes require
different control structures: a simple game character may use a
few dozen joints, while a cinematic character or face can use sev-
eral hundred. In this paper, skeleton-agnostic means that the same
compression algorithm applies to any joint count 𝐽 and any tree
topology, without retraining or per-skeleton tuning.

Per-joint transform tracks. At every sample, each joint stores a
local transform relative to its parent. We write one clip as

𝑀 = { (R𝑗(𝑡), O𝑗(𝑡), 𝑠𝑗(𝑡)) }𝐽 , 𝑁𝑗=1, 𝑡=1, (1)

where R𝑗(𝑡) ∈ ℝ4 is a unit quaternion rotation, O𝑗(𝑡) ∈ ℝ3 is
a translation, and 𝑠𝑗(𝑡) ∈ ℝ3 is a per-axis scale. Following ACL
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Preprocessing Stage

Constant 
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Range 
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Fig. 2. The two-stage compression pipeline and a compression example on over 200 hours of motion data. The first stage is deterministic preprocessing shared
by ACL and CurveCodec. After preprocessing, both methods compress the same normalized one-dimensional signals. Starting from 97.32 GB of raw motion
data, ACL produces a 3.44 GB compressed stream (28×), while CurveCodec produces a 1.01 GB stream (96×). The 96× number counts only the compressed
motion stream; CurveCodec additionally uses a 19 MB decoder, which is fixed once trained and shared across all clips.

terminology, the time series of one transform component of one
joint is a sub-track; the rotation, translation, and scale sub-tracks
together form a joint’s transform track. Animation tools often call
these scalar streams channels; we use sub-track to stay aligned with
ACL.

Raw and compressed size. Without compression, a clip stores ten
32-bit floating-point values per joint per sample: four for rotation,
three for translation, and three for scale. We therefore use ACL’s
raw-size convention,

raw(𝑀) = 10 ⋅ 4 ⋅ 𝐽 ⋅ 𝑁 bytes. (2)

For example, a 3000-sample clip with 24 joints occupies 10 ⋅ 4 ⋅ 24 ⋅
3000 = 2.88 MB before compression. A compression algorithm re-
places this dense tensor with a structured bitstream and a decoder
that reconstructs the original motion. We report compression ratio
as

CR(𝑀) = raw(𝑀)
compressed(𝑀) . (3)

We use ratios in tables, because the actual bitstream size depends on
quantization and side information rather than only on the number
of stored samples.

Errormetric. Motion compression is lossy because rotations, trans-
lations, and scales live in continuous spaces. Unlike scalar pixel val-
ues, a small componentwise error in a transform is not meaningful
by itself; what matters is the spatial displacement it causes after
the skeleton hierarchy is evaluated. We follow ACL’s shell-distance
metric [Frechette 2023]. For each joint, the error is measured at a
virtual point placed at a fixed distance from the joint, which approx-
imates the error a skinned mesh vertex would see. Unless stated
otherwise, we use ACL’s standard 3 cm shell distance and report
mean error, max error, 99th-percentile error, and the fraction of
samples below a 0.01 cm threshold. This gives a common fidelity
scale for comparing motion compression algorithms.

3.2 Two-stage Compression Pipeline
As shown in Fig. 2, the full compression pipeline has two stages.
The first stage is deterministic preprocessing, which removes struc-
ture that can be compressed without learning. The second stage is
compression on the remaining one-dimensional curves. ACL han-
dles this stage with hand-designed quantization, segmentation, and
linear interpolation. In contrast, CurveCodec trains a single Trans-
former decoder to reconstruct the curve from a much sparser set
of anchors, so the codec can represent shapes that linear interpo-
lation would require many more samples to approximate. To keep

the comparison uniform, every compressed size and compression
ratio reported in this paper is computed under the same conven-
tion for all methods: transmitted values are counted as 32-bit floats,
without any quantization or entropy coding.

Deterministic Preprocessing. The deterministic stage is shared by
ACL and CurveCodec. Two operations account for most of its ef-
fect. First, many joints in production motion data have no mean-
ingful transform variation in a clip. They still appear in the dense
𝐹 × 𝐽 × 10 raw layout because the format must reserve rotation,
translation, and scale for every joint at every sample. We collapse
such sub-tracks into a single constant value and remove the corre-
sponding curves from the learned codec. The value is stored as side
information and reused during reconstruction.

Quaternion sign. Second, unit quaternions have one redundant
degree of freedom. For a rotation 𝑞 = (𝑥, 𝑦 , 𝑧, 𝑤), the unit con-
straint requires 𝑥2 + 𝑦2 + 𝑧2 + 𝑤2 = 1. We therefore store and
compress only the (𝑥, 𝑦 , 𝑧) curves and reconstruct 𝑤 at decode time
as

𝑤 = 𝜎𝑤√1 − 𝑥2 − 𝑦2 − 𝑧2, (4)

where 𝜎𝑤 ∈ {−1, 1} is the stored sign of 𝑤 . We do not force 𝑤 to
be positive: doing so can introduce sign flips in the (𝑥, 𝑦 , 𝑧) curves,
creating discontinuities that are difficult for the learned decoder to
model. Instead, we first choose quaternion signs consistently across
adjacent frames so that the stored curves remain continuous, then
transmit the one-bit 𝑤 sign needed to recover the full quaternion.
This side information is negligible compared with the compressed
curve payload.

Compression stage. After preprocessing, ACL compresses each
remaining curve with a fully hand-designed procedure. It divides
the curve into short segments, applies a tighter min and extent
range per segment and axis, searches for a valid bit width under
the shell-distance error threshold, and optionally strips samples
that can be recovered by linear interpolation. This is enough to
make ACL extremely fast and reliable, but it also exposes a clear
limitation: ACL does not model time. There is no spline fitting, no
FFT, no curve descriptor, and no inter-sample prediction beyond
linear interpolation between neighboring samples. In ACL, a curve
is essentially a list of independent scalar values stored per bone,
sub-track, and component. CurveCodec replaces this view with a
learned prior over curve dynamics, trained from a large motion
database, achieving tighter compression ratios at matched mean
fidelity.
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4 Learned Curve Codec
This section describes the learned codec used in the second stage
of Fig. 2. The preliminaries have already reduced a clip to normal-
ized one-dimensional sub-tracks; here we specify how CurveCodec
encodes each sub-track window into side information, a Fourier de-
scriptor, and sparse anchors, and how a shared transformer recon-
structs the dense curve.The encoder is deterministic and parameter-
free. All learned capacity is placed in the decoder, so the bitstream
remains explicit while the reconstruction model can learn motion-
specific curve dynamics.

4.1 Delta-Normalized Curve Signals
Let 𝑥raw ∈ ℝ𝑁 denote one scalar sub-track window after the shared
preprocessing of Sec. 3.2. In our implementation awindow contains
at most 240 frames for efficient training and inference; we avoid as-
signing a fixed duration because the effective FPS can change under
temporal-resolution augmentation. The model is applied per axis:
one rotation, translation, or scale component of one joint produces
one curve-level inference problem. This is the smallest motion unit
that remains independent of skeleton topology. Windows tile each
sub-track contiguously without overlap, and every window trans-
mits its own first-frame state.

CurveCodec does not feed 𝑥raw directly to the transformer. In-
stead, each window is converted to a delta-normalized curve

𝑓0 = 𝑥raw[0],
𝑠 = max(𝜖, max𝑡 |𝑥raw[𝑡] − 𝑓0|) ,

𝑥[𝑡] = 𝑥raw[𝑡] − 𝑓0
𝑠 .

(5)

where 𝜖 prevents division by zero. The transformer operates only
on 𝑥 ∈ [−1, 1]𝑁 , for which 𝑥[0] = 0. The physical first-frame value
𝑓0 and scale 𝑠 are transmitted as side information and are applied
only after reconstruction. The first-frame state is not merely a nor-
malization constant: it is the reference pose from which the entire
local curve is described. By transmitting this state exactly and ask-
ing the decoder to model only normalized temporal deviations, we
remove absolute-coordinate variation from the learning problem
and make curves from different joints and skeletons comparable.

The codec can therefore be written as

𝑥̂raw = 𝑠 ⋅ 𝐷𝜃(enc(𝑥)) + 𝑓0, (6)

where enc is a deterministic encoder over the normalized curve and
𝐷𝜃 is the shared neural decoder.

4.2 Motion-Aware Bitstream
Thedeterministic encoder emits two complementary signals in nor-
malized space:

enc(𝑥) = (𝑑(𝑥), 𝒜𝜂(𝑥)), (7)

where 𝑑 captures the low-frequency trend and 𝒜𝜂 carries sparse
pointwise evidence. The subscript 𝜂 denotes the anchor-selection
threshold; the number of anchors is data-dependent rather than
fixed.

The descriptor is obtained by applying a real Fourier transform
to the delta-normalized curve,

X[𝑘] =
𝑁−1
∑
𝑡=0

𝑥[𝑡] 𝑒−𝑖2𝜋𝑘𝑡/𝑁 ,

𝑘 = 0, 1, … , ⌊𝑁2 ⌋ .
(8)

and retaining the 𝐾𝑓 lowest-frequency bins:

𝑑(𝑥) = (ReX[0], ImX[0], … ,
ReX[𝐾𝑓 − 1], ImX[𝐾𝑓 − 1]). (9)

These coefficients summarize the phase-like, low-frequency enve-
lope of the curve. We use a fixed Fourier descriptor rather than a
learned encoder-side projection so that compression remains deter-
ministic and requires no learned weights on the encoding side.

Anchors represent the complementary part of the signal: local-
ized deviations that are not captured by the low-frequency descrip-
tor. We select them from true turning points of the normalized
curve.The curve is first smoothed with a short box filter; local max-
ima and minima are detected from sign changes in the first differ-
ence; each candidate is assigned a relative topographic prominence
score; and candidates below threshold 𝜂 are discarded. The remain-
ing anchors are greedily kept in descending prominence order with
a small minimum temporal gap. The resulting set is

𝒜𝜂(𝑥) = { (𝜏𝑚 , 𝑥[𝜏𝑚]) }
𝑀𝜂
𝑚=1, (10)

where 𝑀𝜂 varies by curve. Quiet intervals therefore receive few or
no anchors, while busy intervals with contacts, turns, or sharp ac-
celerations receive more. In our default setting, 𝜂 = 0.02 under rela-
tive prominence, selecting 2.81 anchors per 100 frames on average
in our training data. Thus only about 2.8% of samples are transmit-
ted as anchors. This adaptive policy is the main difference between
the bitstream and a fixed-grid sampler: anchors are spent where the
motion actually changes direction.

4.3 Masked Timeline Decoder
Thedecoder is a singlemasked-sequence transformer [Vaswani et al.
2017] applied independently to every normalized curve. Its input
sequence has one global descriptor token followed by 𝑁 timeline
tokens. The descriptor token is obtained by projecting 𝑑(𝑥) to the
transformer width and adding a descriptor type embedding. Time-
line token 𝑡 is known if 𝑡 = 0 or 𝑡 = 𝜏𝑚 for an anchor; in that case
the normalized value 𝑥[𝑡] is projected with a shared value projec-
tion and receives a known-token type embedding. All other time-
line tokens receive a learned mask vector and a mask-token type
embedding.

This in-place timeline layout makes anchors load-bearing. The
decoder cannot treat anchors as optional side context, because known
values occupy the same temporal positions thatmust be reconstructed;
masked positions can only infer their values by attending to the
descriptor and to nearby known samples. We use bidirectional self-
attentionwith rotary positional embeddings [Su et al. 2024], so rela-
tive temporal distances enter the attention pattern without making
the sequence causal.
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Input Masked Timeline Tokens (length = N)

...

Masked Timeline Transformer Decoder

LayerNorm
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Self-Attention LayerNorm Sinusoidal
Feed-Forward

× L

Output Reconstructed

Descriptor
(global context) Known anchor Mask token Predicted token

(output)

...

... ...

Residual connection
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Fig. 3. A global Fourier descriptor token is prepended to a timeline of frame
tokens. Frame 0 is the start-state token and acts as the first known anchor;
selected extrema anchors are inserted in place as additional known-value
tokens, while all remaining frames use a learned mask token. Bidirectional
self-attention lets masked frames infer missing values from the descriptor
and nearby anchors, making the anchors structurally part of the reconstruc-
tion rather than optional side information.

LetZ ∈ ℝ(1+𝑁)×𝐻 denote the resulting tokenmatrix.The decoder
applies 𝐿 pre-norm transformer blocks,

Z(ℓ+1) = TransformerBlockℓ(Z(ℓ)), ℓ = 0, … , 𝐿 − 1, (11)

where each block contains RoPE self-attention followed by a feed-
forward network with sinusoidal activation. Specifically, the feed-
forward nonlinearity is sin(𝜔0𝑥)with𝜔0 = 60, following the SIREN-
style bias toward high-frequency signal detail [Sitzmann et al. 2020].
A scalar head projects the 𝑁 timeline rows back to normalized val-
ues,

𝑥̂[𝑡] = tanh(ℎ(Z(𝐿)𝑡+1)) , 𝑡 = 0, 1, … , 𝑁 − 1. (12)

The tanh keeps predictions in the normalized range and avoids in-
valid quaternion components after denormalization.

Why a single shared decoder suffices. Delta normalization strips
joint identity, skeleton, rest pose, units, and amplitude, so the de-
coder models only shared curve dynamics rather than joint seman-
tics. Full weight sharing is thus the intended inductive bias, and it
is what enables zero-shot transfer to unseen skeletons. We expect
it to break for high-entropy, near-random curves (Sec. 5.2) and for
tasks needing cross-joint constraints such as contact, which a per-
sub-track model cannot observe (Sec. 7).

4.4 Reconstruction and Training
The decoder predicts every timeline position, including values al-
ready present in the bitstream. Before denormalization, we over-
write frame 0 and all anchor positions with their transmitted values.
This hard substitution prevents the network from spending capac-
ity on copying known values and makes the learned part of the
problem exactly the in-filling of unknown samples. The raw recon-
struction is then

𝑥̂raw[𝑡] = 𝑠 ⋅ 𝑥̂[𝑡] + 𝑓0. (13)

For rotations, the model predicts the three stored quaternion com-
ponents independently, but the fidelity metric is three-dimensional.
Training batches are therefore constructed in axis triplets: for each
sampled joint-window, the sampler emits the 𝑥 , 𝑦 , and 𝑧 compo-
nent curves contiguously, allowing the output to be reshaped into
(𝑁 , 3) before the loss is evaluated.

We train against the same shell-distance geometry used for eval-
uation. Let 𝑒𝑢,𝑡 be the 3 cm shell error for triplet 𝑢 at frame 𝑡 , com-
puted after reconstructing the quaternion𝑤 component as in Sec. 3.1.
The training objective is

ℒ(𝜃) = 𝛼 1
|𝒱| ∑

(𝑢,𝑡)∈𝒱
𝑒𝑢,𝑡 + 𝛽 1

𝑈
𝑈
∑
𝑢=1

max
𝑡∶(𝑢,𝑡)∈𝒱

𝑒𝑢,𝑡

+ 𝛾 1
|𝒱| ∑

(𝑢,𝑡)∈𝒱
‖𝑥̂raw𝑢,𝑡 − 𝑥raw𝑢,𝑡 ‖

2
2 .

(14)

where 𝒱 is the set of valid, unpadded samples. The mean shell term
optimizes average fidelity, the max-shell term directly penalizes
worst-frame failures, and the raw 𝐿2 term stabilizes the dropped-
quaternion coordinates.We optimize the transformerwith Lion [Chen
et al. 2023], linear warmup, and cosine decay; the resolved hyper-
parameters are reported in the supplementary material.

Resolution augmentation. For datasets available at multiple tem-
poral resolutions, we train from the highest-FPS version of each
clip. During training, a clip is randomly downsampled by an inte-
ger factor when possible, using factors 2, 3, or 4. This exposes the
decoder to the same motion at different temporal resolutions and
expands its effective temporal receptive field without changing the
underlying motion content.

4.5 Rate-Distortion Control at Inference
The compressed payload for one normalized curve contains three
parts: the physical side information (𝑓0, 𝑠), the packed Fourier de-
scriptor, and the selected anchor positions and values. The first
two parts have fixed size for a given configuration; the anchor part
changes with the motion and with the prominence threshold 𝜂. If
𝑏𝑓 , 𝑏𝑠 , 𝑏𝑑 , 𝑏𝜏 , and 𝑏𝑎 denote the corresponding bit widths, the per-
window rate is

𝑅(𝜂) = 𝑏𝑓 + 𝑏𝑠 + 2𝐾𝑓 𝑏𝑑 + 𝑀𝜂 (𝑏𝜏 + 𝑏𝑎) + 𝑅header. (15)

In our convention all bit widths are 32, and 𝑅header is a small fixed
per-window header. Thus the rate–distortion knob is the number
of anchors admitted by the extrema selector. Lowering 𝜂 accepts
weaker extrema, increases 𝑀𝜂, and stores more anchor values, giv-
ing higher fidelity at a larger size. Raising 𝜂 keeps only the most
prominent extrema, producing a smaller stream while asking the
decoder to infer more of the curve from the descriptor and nearby
anchors. The decoder weights are fixed throughout this sweep.

5 Experiments
We focus on four questions that together evaluate the main claims
of the paper: 1) Does CurveCodec compress tighter than ACL at
matched fidelity? 2) Can it generalize across unseen skeletons and
out-of-distribution motion categories? 3) Which components are
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responsible for the improvement? 4)What runtime cost does neural
decoding introduce?

5.1 Evaluation Setup
Training Data. Our training data consists of approximately 370

hours of humanmocap data, drawn from open-source datasets such
as MotionPersona [Shi et al. 2025] and from internally collected
data; the data list will be released on the project page. This train-
ing set is chosen to cover a broad range of motion curves while
reserving held-out splits for the generalization tests below.

Test Categories. We evaluate on five test sets that separate in-
domain reconstruction from cross-skeleton and out-of-domain gen-
eralization. First, the held-out 5% split of our motion database tests
the same-domain, same-skeleton setting. Second, 100STYLE [Ma-
son et al. 2022] contains strongly stylized humanoid locomotion
and probes style-level distribution shift. Third, CMU [CMU 2019]
(10 hours) tests same-domainmotion on different skeletons. Fourth,
a quadruped locomotion dataset [Zhang et al. 2018] (1 hour) tests
cross-domain, cross-skeleton generalization on non-humanoid mo-
tion. Fifth, Truebones Zoo [Truebones Motions Animation Studios
2022] (1 hour) contains diverse animal motions and skeletons, pro-
viding the broadest cross-domain stress test.

Metrics. We follow ACL’s reporting protocol. For storage, we re-
port compression ratio (CR, higher is better) and compressed size
(Size, lower is better). For reconstruction fidelity, we report the shell
error (Max and Mean, lower is better), the 99th-percentile shell er-
ror (P99, lower is better), and, for the in-domain split, the fraction of
samples below the 0.01 cm shell-error threshold (< 0.01 cm, higher
is better). All shell errors use the 3 cm shell distance described in
Sec. 3.1. The learned codec handles rotation sub-tracks; translation
and scale sub-tracks are compressed with ACL’s scheme for all
methods.

Baselines. We compare against four baselines. A PCA codec, fol-
lowing the linear-subspace approach of Arikan [Arikan 2006], pro-
vides a classical low-dimensional baseline. ACL [Frechette 2023]
is run in its default production configuration. MotionVAE [Ling
et al. 2020] and MoConVQ [Yao et al. 2024], a VQ-VAE-based mo-
tion prior, represent learned motion-encoder baselines trained un-
der their supported skeleton settings. Both target motion synthe-
sis and control rather than near-lossless compression, and serve
only as learned-representation references rather than directly com-
parable codecs. Note that ACL uses rate–distortion optimization
to search for a favorable compression-ratio and fidelity trade-off,
whereas the other baselines use fixed bitrates. This gives ACL an
additional advantage in the comparison.

5.2 Compression Performance
We first evaluate compression on the held-out test split of our mo-
tion database. This split is large, in-domain, and uses skeletons cov-
ered by the training distribution, making it the cleanest setting for
comparing rate–distortion behavior across all baselines. Tab. 1 re-
portsmatched-fidelity operating points: for eachmethod, we choose

Table 1. Matched-mean-fidelity compression on the held-out test split of
our motion database (∼5GB raw data). All compressed sizes assume 32-bit
float storage without entropy coding. Model sizes are MotionVAE: 5.57MB,
MoConVQ: 242MB, and Ours: 19MB. MotionVAE and MoConVQ target
synthesis and control rather than near-lossless compression, and are listed
as learned-representation references.

Method CR ↑ Size(MB) Mean(cm) ↓ Max(cm) ↓ P99(cm) ↓ < 0.01cm ↑
PCA [2006] 3.19x 1562 0.0192 0.1784 0.1541 32.27%
MotionVAE [2020] 8.67x 574.41 0.94 2.71 2.55 0.03%
MoConVQ [2024] 62.78x 79.36 1.59 10.36 8.29 0.01%
ACL [2023] 26.21x 190.20 0.0044 0.0792 0.0095 99.96%
Ours 74.62x 66.80 0.0042 0.1015 0.0109 98.91%

the setting whose shell-error statistics are closest to ACL’s default-
quality output, then compare compressed size and compression ra-
tio under that fidelity constraint. Here,matched fidelitymeansmatched
mean error: CurveCodecmatchesACL’smean shell error at a roughly
3× higher compression ratio, while ACL remains stronger on the
worst-caseMax and P99 statistics. Fig. 4 provides a qualitative com-
parison among ground truth, ACL, and our method at matched fi-
delity. We omit learned motion-encoder baselines from this figure
because their reconstruction errors are substantially larger under
the same compression setting, as shown in Tab. 1. Fig. 5 shows the
full rate–distortion curve for CurveCodec by sweeping the extrema-
anchor threshold described in Sec. 4.5. This sweep doubles as a
worst-case control: lowering 𝜂 from the default 0.02 admits more
anchors and shrinks the Max/P99 gap to ACL at a reduced ratio. At
the conservative end, Max error falls to about 0.08 cm, matching
ACL, at about 60×, still 2.3× ACL’s ratio.

Failure cases. Our maximum-error outliers concentrate on near-
random rotation tracks with little temporal structure. There the
prominence-based anchor selector becomes too aggressive: few ex-
trema pass the threshold, the descriptor cannot summarize the er-
ratic residual, and the maximum error grows. Fig. 7 shows such a
case; typical motions show no visible failures at the reported oper-
ating point.

5.3 Generalization Across Skeletons and Motions
We next test whether the learned curve prior remains useful out-
side the training distribution. Tab. 2 summarizes four test splits
by skeleton novelty and motion-category novelty: 100STYLE eval-
uates strongly stylized human motion; CMU evaluates new skele-
tons with broadly human motion; the quadruped locomotion set
evaluates a non-humanoid domain; and Truebones Zoo stresses
both motion diversity and skeleton diversity. The worst-case gap

Table 2. Generalization across skeletons andmotion domains. Our method
remains comparable to ACL in mean reconstruction error while using
higher compression ratios. Underlines mark the better codec per metric.

ACL [2023] Ours

Split CR ↑ Mean ↓ Max ↓ P99 ↓ CR ↑ Mean ↓ Max ↓ P99 ↓
100STYLE [2022] 18.31x 0.0032 0.0786 0.0095 55.17x 0.0030 0.0917 0.0153
CMU [2019] 29.24x 0.0030 0.0924 0.0093 81.87x 0.0033 0.0182 0.0140
Quadruped [2018] 16.47x 0.0033 0.0383 0.0094 47.76x 0.0029 0.0791 0.0209
Zoo [2022] 11.47x 0.0026 0.2363 0.0107 31.62x 0.0019 0.1059 0.0574
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ACL, 9.5x Ours, 21.0x ACL, 9.1x Ours, 28.8x 

ACL, 8.2x Ours, 26.6x ACL, 15.1x Ours, 26.4x 

ACL, 7.5x Ours, 26.7x ACL, 7.5x Ours, 22.4x 

Fig. 4. Qualitative reconstruction of CurveCodec on the held-out test split of our motion database. From left to right: the ground-truth skinned mesh; the
reconstructed skeleton drawn with a spatial offset next to the ground truth for side-by-side comparison; the reconstructed skeleton overlaid on the ground-
truth skeleton to expose residual deviation; and the mesh skinned from the decompressed motion. Ground truth is drawn in blue and our reconstruction in
orange. Note that the second and third panels are two views of the same pair of skeletons: the offset view separates them spatially, while the overlay draws
them in place. The overlay applies no error threshold or colour-coding rule; the two skeletons are simply rendered on top of each other, so wherever they
coincide the blue and orange blend and read as pink, and any remaining blue or orange fringe is residual deviation. Results are shown at matched mean
fidelity with ACL; learned motion-encoder baselines are omitted because their errors are substantially larger under the same compression setting.
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Fig. 5. Rate–distortion curve of CurveCodec on the held-out test split of
our motion database. For the neural codec, compression ratio and maxi-
mum shell error generally increase together as fewer anchors are transmit-
ted. The two ends of the curve expose different limits: with too few anchors,
the decoder under-fits and the error rises sharply; with very dense anchors,
the compression ratio decreases but the maximum error saturates near the
decoder’s representation limit.

noted above persists here: on Zoo, our P99 error (0.0574 cm) is
about five times ACL’s (0.0107 cm), even though our mean and
Max errors are lower. To visualize the learned representation, Fig. 6
projects curves from different test categories into two dimensions
with t-SNE.The distributions from our motion database, 100STYLE,
CMU, quadruped, and zoo motions overlap strongly. Their intra-
dataset mean cosine similarities are all close to zero in the normal-
ized feature space, suggesting that each dataset occupies a near-
zero-mean, approximately isotropic distribution rather than a sep-
arated skeleton-specific cluster.

5.4 What Makes the Codec Work?
Tab. 3 ablates the components of CurveCodec. The key questions
are whether delta normalization makes the per-axis learning prob-
lem easier, whether the Fourier descriptor captures long-range trend,

Fig. 6. t-SNE visualization of normalized curve descriptors from ourmotion
database, 100STYLE, CMU, quadruped, and zoo motions. The colors are
strongly mixed, indicating that the learned curve space is not separated
by dataset or skeleton family. In the original feature space, intra-dataset
mean cosine similarities are close to zero, consistent with near-zero-mean
and approximately isotropic descriptor distributions across datasets.

whether extrema anchors outperform fixed samples, and whether
the masked timeline decoder improves reconstruction beyond di-
rect interpolation. Each component matters: without delta normal-
ization, mean error grows nearly 5× at the same size; removing the
Fourier descriptor is most damaging, as anchors alone lack global
context; fixed-grid anchors lose on both ratio and error; and the in-
terpolation decoder performs worst with the same anchors, so it is
the learned in-filling prior that recovers the dense trajectory. More
analysis and details are provided in the supplement.
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Table 3. Component ablation on the held-out test split of our database.
The fixed-grid variant selects one anchor every 30 frames; the interpolation
decoder linearly interpolates between anchors and uses no descriptor.

Variant CR ↑ Mean ↓ Max ↓ P99 ↓
Full model 74.62x 0.0042 0.1015 0.0109
w/o delta normalization 74.62x 0.0193 0.3720 0.3356
w/o Fourier descriptor 84.26x 0.8413 2.6218 2.3412
Fixed-grid anchors 54.80x 0.0599 0.2005 0.1812
Interpolation decoder 84.26x 1.3022 3.7405 3.3217

5.5 Runtime Cost & Latency
Unlike ACL’s lightweight CPU decoder, CurveCodec focuses on a
GPU-friendly design and can decode many curves in parallel. The
per-curve computation is small, so throughput is controlled mainly
by batch size. Using our full motion database (over 200 hours) as
an example, Fig. 8 reports full decompression time as the decoder
batch size changes. Compression time is comparatively stable be-
cause the encoder is deterministic: on the same dataset, extrema-
anchor extraction takes about 45 minutes on a single Intel Xeon
8480C thread and about 2 minutes with 32 threads. For ACL, the
benchmark takes about 105 seconds for compressing 10 hours of
CMU data. Per-device consumer-hardware timings are reported in
the supplementary material.

6 Applications
Beyond compression, the learned curve representation transfers di-
rectly to downstream tasks without architectural modification.

Motion super-resolution. CurveCodec can be used formotion super-
resolution by rescaling the RoPE positions of the masked timeline
tokens at decoding time. This reconstructs a denser temporal tra-
jectory from the same anchors and descriptor without retraining,
and can be interpreted as arbitrary-skeleton motion in-betweening
from dense control points. Quantitatively, on a held-out test se-
quence upsampled 3× and 6× from a 10 FPS input, our decoder is
substantially more accurate than both NeMF [He et al. 2022] and
SLERP interpolation, by over 30× on every metric we report, with-
out any per-clip optimization; the protocol, metric definitions, and
full results are given in the supplementary material.

Fig. 7. A failure case. From left to right: the raw motion, a near-random
tumbling pose with little temporal structure; ACL’s reconstruction overlaid
on the ground truth, which coincide and therefore blend to pink; our re-
construction (orange) overlaid on the ground truth (blue), showing visible
deviation because the prominence-based anchor selector admits too few
anchors on such erratic curves; and the mesh recovered from our recon-
struction.

Table 4. Real-time locomotion control on the CAMDM benchmark.
CAMDM predicts dense pose sequences in its original 6D-rotation repre-
sentation; ours predicts sparse key states at 2 FPS in the compressed curve
space and reconstructs full-rate motion with the codec decoder. Inference
time is per generation call.

Method FID ↓ Ft. Slid. ↓ Traj. Err. ↓ Inf. Time (ms) ↓ #Params

CAMDM (6D rotation) 0.913 0.685 22.818 13 312M
Ours (2 FPS key states) 0.909 0.714 21.751 5 117M

Generative animation. CurveCodec can also serve as an interme-
diate representation for generative animation. With fixed-offset an-
chors, the generator predicts keyframes in the compressed space,
while the codec decoder reconstructs the detailed temporal evo-
lution between them. This lets the generator focus on high-level
conditions and reduces frame-level artifacts caused by conflicting
controls. We validate this design on real-time locomotion control: a
diffusion-based controller trained in our compressed spacematches
CAMDM [Chen et al. 2024] across its full benchmark at the same
120 FPS runtime while using 3× fewer parameters (117M vs. 312M)
and a 2.6× lower per-call inference time, as reported in Tab. 4.

7 Limitations
Our method trades decoding speed for compression ratio. The cur-
rent decoder is most practical in GPU-enabled or offline settings;
CPU decoding is possible but substantially slower, and ACL re-
mains the better choice for out-of-the-box runtime decompression.
The extrema-anchor selector is deterministic but not free: the cur-
rent prominence computation costs𝑂(𝑀𝑁) for𝑀 extrema in an𝑁 -
frame window, with worst-case 𝑂(𝑁 2) complexity, although win-
dows are short and the procedure can be optimized.

As a per-sub-track codec, CurveCodec also does not explicitly
model cross-joint constraints such as foot contact or inverse kine-
matics; motion artifacts in original motion clips like foot sliding or
contact inconsistency are therefore not actively corrected. This is
a limitation shared by any per-sub-track formulation. Our goal is
faithful reconstruction rather than motion correction, so we delib-
erately avoid constraints that would edit the input signal.

Finally, our fidelity advantage is an average one: CurveCodec
matches ACL’s mean shell error but not its Max and P99, so ACL
remains the more predictable codec in the worst case.

8 Conclusion
We presented CurveCodec, a neural codec that places its learned
prior on the smallest skeleton-independent unit of animation, the
local joint motion curve. Encoding each curve as a first-frame state,
a Fourier descriptor, and sparse extrema anchors, and reconstruct-
ing it with a single shared masked transformer, yields about 3×
higher compression than ACL at matched mean fidelity, transfers
zero-shot to unseen skeletons andmotion domains, and exposes an-
chor density as one rate–distortion knob; the same representation
carries over to tasks such as locomotion control. Faster decoding
and tighter worst-case control are the next challenges.
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Fig. 8. GPU decoder throughput on an NVIDIA H100. (a) The number of decoded 240-frame windows per second increases with batch size and approaches
the GPU’s TFLOPS limit around batch size 256. (b) Per-batch decoding time grows with batch size; steeper regions indicate more efficient GPU utilization.
(c) End-to-end decompression time for over 200 hours of motion decreases with batching, reaching about 43 minutes at batch size 16,384 with 23.1 GB of
GPU memory.
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