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Abstract. Self-supervised learning (SSL) has become a leading paradigm
for skeleton-based action recognition, yet the choice of prediction target
remains a central limitation. Existing masked modeling methods typi-
cally reconstruct raw joint coordinates, emphasizing low-level detail and
remaining sensitive to noise, while recent non-reconstruction variants
predict learned latent features that improve semantics but capture lit-
tle explicit motion structure. We propose Path-JEPA, a self-supervised
predictive learning framework that adopts path signatures as the predic-
tion target for skeleton sequences. Rather than predicting coordinates
or abstract embeddings, Path-JEPA predicts latent representations of
continuous-time, multi-scale geometric descriptors computed over joint,
edge, and chain paths, capturing motion across multiple spatial and tem-
poral scales. These targets encode displacement, signed area, and higher-
order interactions, yielding a geometry-grounded representation of hu-
man motion that is naturally robust to temporal resampling and frame-
rate variation. To make such targets effective within a JEPA framework,
we introduce signature-augmented masking, which propagates joint-space
masks to all dependent signature tokens, forcing the model to infer the
missing motion geometry from broader anatomical and temporal context.
Because signatures summarize motion over intervals rather than indi-
vidual frames, they also yield greater computational efficiency on long
sequences. Extensive experiments on NTU RGB+D 60, NTU RGB+D
120, and PKU-MMD show that Path-JEPA learns stronger representa-
tions than prior masked prediction methods, achieving state-of-the-art
performance across diverse downstream tasks while exhibiting improved
robustness to irregular sampling. Project website:Path-JEPA.

1 Introduction

Human action recognition is central to human-robot interaction [31, 50], intelli-
gent surveillance [41, 49], and behavior analysis [2, 42, 46]. Skeleton sequences
provide a compact, privacy-preserving representation of human action while
retaining kinematic structure [8, 11, 15]. Self-supervised learning has emerged
as the dominant paradigm for learning such representations, with recent work
shifting from contrastive objectives [13, 18, 22, 25, 28] toward masked predictive

https://singh17ashu.github.io/Path-JEPA/


2 A. Singh et al.

Fig. 1: Left: MAE-style pretext task masks raw 3D joint coordinates and reconstructs
them, producing low-level spatial features tied closely to input coordinates. Bottom
Left: S-JEPA also masks in joint-coordinate space but predicts high-level latent targets,
yielding stronger representations while still ignoring explicit spatio-temporal structure.
Right: Path-JEPA first lifts skeleton sequences into rich multiscale path-signature
(PSF) tokens over joint, edge, and chain paths, then performs JEPA-style masked
prediction in this signature space, encouraging richer, geometrically grounded spatio-
temporal representations.

learning—a scalable approach that avoids augmentation engineering and pairs
naturally with transformer architectures [14,19].

The effectiveness of masked skeleton SSL depends critically on the prediction
target. Coordinate-reconstruction methods [37, 52, 58] predict raw joint coordi-
nates or motion-derived quantities, keeping the pretext task close to low-level
signal recovery and making it sensitive to noise and temporal discretization. More
recent work explores richer targets [48, 55, 56]. JEPA-style methods [4–6, 23, 39]
go further by predicting in latent space; S-JEPA [1] and GFP [48] show that
representation-space prediction substantially outperforms coordinate recovery
for skeleton sequences. Yet all these methods share a deeper limitation: their
targets are derived from masked raw joints and do not explicitly encode the
relational geometry of motion—the spatiotemporal coupling between joints and
body parts. Action semantics depend not on isolated joint movement but on co-
ordinated patterns across neighboring and distant joints over multiple temporal
scales [9, 12, 32, 53]. Predicting targets that lack this structure forces the model
to recover it only implicitly.

A second limitation is that human motion is inherently continuous, yet mod-
els operate on discrete frame-indexed observations, creating frame-rate depen-
dencies that hinder generalization under resampling. A principled solution re-
quires targets that abstract motion over intervals rather than individual timesteps.

Path signatures address both limitations simultaneously. Originating from
rough path theory [7,17,34,36], they represent a trajectory through iterated in-
tegrals, providing principled temporal abstraction over intervals. By lifting dis-
crete frames to continuous paths via linear interpolation, they summarize motion
geometry in a form robust to frame-rate variation and irregular sampling. When
computed over anatomically meaningful multi-joint paths—individual joints,
joint pairs, and kinematic chains—they further capture higher-order spatiotem-
poral coupling across the body [10, 54]. Prior work has established the value of
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path signatures for supervised gesture and action recognition [10, 20, 24, 26, 54];
to our knowledge they have not yet been used as prediction targets in a masked
SSL paradigm.

We propose Path-JEPA, a self-supervised framework that predicts masked
targets derived from path-signature representations of skeleton motion. We lift
each skeleton sequence to a hierarchy of multi-scale signature tokens over joint,
pair, and kinematic-chain paths, providing relational and temporally abstracted
targets consistent with the JEPA principle. We introduce signature-augmented
masking, which propagates joint masking to all dependent signature tokens,
enforcing structured prediction over motion geometry. Our encoders are trans-
formers that operate directly over signature tokens [40], enabling richer spa-
tial reasoning over relational structures than raw-joint tokenization affords. We
present extensive experimentation across different benchmarks, baselines and
downstream task. We observe that Path-JEPA performs well across all evalua-
tions beating SOTA in most cases. Our contributions are:

– We introduce Path-JEPA, a JEPA-based SSL framework for skeleton action
recognition that predicts embeddings derived from path-signature features
rather than raw coordinates.

– We propose multi-scale relational signature tokenization over joint,
pair, and kinematic-chain paths, capturing relational structure and temporal
abstraction over continuously interpolated motion.

– We introduce signature-augmented masking, which propagates joint mask-
ing to all dependent signature tokens, enforcing structured prediction over
motion geometry.

– We demonstrate improved linear evaluation, fine-tuning, semi-supervised,
and cross-dataset performance, with enhanced robustness to temporal re-
sampling and irregular sampling.

2 Related Work

2.1 Self-Supervised Skeleton Action Recognition

Self-supervised methods for skeleton action recognition fall into three paradigms.
Contrastive methods [13,18,22,25,28] learn view-invariant representations by
contrasting augmented sequence pairs, but rely heavily on hand-crafted augmen-
tation strategies and are susceptible to false negatives. Beyond single-stream
skeleton contrastive learning, several methods have explored richer sources of
supervision and representation design. Sun et al. [47] learn unified multi-modal
unsupervised representations for skeleton-based action understanding by leverag-
ing complementary skeleton, RGB, and text modalities. Lin et al. [27] introduce
an idempotent unsupervised learning objective for skeleton action recognition
in coordinate space, while Wang et al. [51] study heterogeneous skeleton rep-
resentations for more flexible action representation learning. Reconstruction-
based methods train models to recover corrupted or masked inputs. LongT-
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Fig. 2: Path-signature feature extraction for skeleton sequences. (a) Spatial path con-
struction. We define three families of paths: joint paths (J-PSF, pink) following in-
dividual joint trajectories, pairwise/edge paths (P-PSF, blue) following relative mo-
tion between kinematically connected joints, and chain paths (C-PSF, teal) following
multi-joint limb chains. Each path is mapped to a path-signature feature (PSF). (b)
Temporal windowing and multi-view signatures. The sequence is partitioned into (K)
windows ([tk−1, tk]). For every path and window, we compute a PSF that concate-
nates a global prefix log-signature (S0,T ) and a local window log-signature (Stk−1,tk ).
Stacking the J-PSF, P-PSF, and C-PSF across all paths and windows yields the token
matrix (M(X)k), which serves as the input to the Path-JEPA encoder.

GAN [57] reconstructs masked joints via adversarial training; P&C [45] pre-
dicts future frames as the learning objective. SkeletonMAE [52] applies graph-
based masked autoencoding at a 90% masking ratio, and MAMP [37] extends
this with motion-aware masking that prioritizes high-movement joints. Motion-
BERT [58] uses spatio-temporal transformers for a 2D-to-3D lifting pretext task.
Subsequent work explores diffusion-based targets [56], richer feature reconstruc-
tion [55], and asymmetric masking strategies [3, 38]. Despite these advances,
reconstruction-based methods focus on low-level coordinate recovery, limiting
semantic expressiveness and robustness to temporal variation. Representation
prediction methods address this by predicting in the latent space. S-JEPA [1]
introduced JEPA-style prediction for skeletons, training a student encoder to
predict teacher latent representations for masked joints using cross-entropy loss
with centering for stability. GFP [48] extends this with hierarchical feature pre-
diction across temporal granularities and variance-covariance regularization to
prevent collapse. Both methods substantially outperform coordinate reconstruc-
tion, but their targets are still derived from masked raw joints and lack explicit
encoding of spatiotemporal relational geometry or mathematical guarantees of
temporal invariance, which are precisely the limitations Path-JEPA addresses.

2.2 Path Signatures for Action Recognition

Path signatures have proven effective in supervised skeleton recognition. Yang et
al. [54] introduced signatures for landmark-based action recognition using spa-
tial and temporal joint paths with a lightweight classifier. Li et al. [24] develop
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a dual-stream spatio-temporal signature block, and LogSig-RNN [26] combines
log-signatures with recurrent networks for robust action recognition. Jiang et
al. [20] combine GCN-based spatial encoding with signature LSTM modeling.
Cheng et al. [10] propose learnable path generation via self-attention to adap-
tively select semantically relevant joints. The Rough Transformer [40] integrates
signature patching into transformer architectures for continuous time-series mod-
eling. While these methods establish the value of signature features, all operate
in a supervised setting and treat signatures as fixed input features rather than
structured prediction targets. Path-JEPA is the first to integrate path signa-
tures into a masked predictive SSL framework, using multi-scale signature to-
kenization and signature-augmented masking to provide principled, temporally
invariant prediction targets.

3 Method

Path-JEPA learns skeleton action representations via self-supervised masked pre-
diction over signature tokens (Fig. 3). Given a skeleton sequence X ∈ RT×J×3

with T frames and J joints, we (i) lift discrete joint trajectories into continuous
paths, (ii) compute multi-scale multi-view (global+local) log-signature descrip-
tors over three spatial modalities (joint, edge, chain), and (iii) train a JEPA
framework to predict masked signature-token embeddings. Concretely, a student
encoder fθ processes only visible tokens, a lightweight predictor gϕ reconstructs
masked token embeddings via cross-attention, and an EMA teacher encoder fθ̄
provides targets. Compared to coordinate recovery or predicting teacher embed-
dings of joint tokens, Path-JEPA learns from temporally abstract, relationally
structured motion descriptors, while masking is propagated through the token
hierarchy to prevent leakage.

3.1 Path Signature Representation

Continuous paths from discrete skeletons. For each joint j ∈ {1, . . . , J}
with discrete coordinates Xj ∈ RT×3, we construct a continuous-time path by
piecewise-linear interpolation X̃j : [0, τ ]→ R3, where τ is the sequence duration.
To encode temporal variation more richly, we apply a lead–lag lift by augmenting
each path with a time-delayed copy:

X̃LL
j (t) = [X̃j(t), X̃j(t− δ)] ∈ Rd′

, d′ = 6, (1)

so differences between the two streams implicitly encode velocity-like informa-
tion.

The truncated signature. For a path x : [s, t]→ Rd, the truncated signa-
ture up to level n is

S(x)≤n
s,t =

(
1, S(1), S(2), . . . , S(n)

)
, (2)
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Fig. 3: Overview of Path-JEPA. The input skeleton sequence X is first mapped to
path-signature features (PSF) over joint, edge, and chain paths. A joint-space mask is
then propagated to PSF tokens, producing masked tokens for the context encoder (fθ)
(top) and a shared index set (I) used to select targets from the EMA teacher encoder
(fθ̄) (bottom), which always sees the full, unmasked PSF sequence. The predictor (gϕ)
operates on the context encoder output and is trained to reconstruct teacher features
at masked indices, using a cosine JEPA loss (LJEPA) defined only on (I).

where S(k) contains dk iterated-integral coefficients. The level-1 term encodes
displacement S

(1)
i =

∫ t

s
dxi = xi(t) − xi(s). Level-2 terms encode signed areas

via S
(2)
ij =

∫ t

s

∫ u1

s
dxi dxj , capturing Lévy areas when i ̸= j.

Log-signature compression. After the lead–lag lift to Rd′
, the uncom-

pressed truncated signature has Dsig =
∑n

k=0(d
′)k coefficients. We use log-

signatures to reduce redundancy (via the BCH structure [16, 21, 35]), yielding
Dlog coefficients. For example, with d′ = 6 and n = 2, Dsig = 43 while our
log-signature representation has Dlog = 22 coefficients. Signatures also inherit
useful continuous-time properties from rough path theory [7,17,34,36]; in partic-
ular, they summarize trajectories over intervals rather than individual frames,
improving robustness to temporal discretization (detailed description of path
signature background in appendix A).

3.2 Multi-Scale Signature Tokenization

A core design goal of Path-JEPA is to construct prediction targets that are both
relationally structured and temporally abstracted. To this end, we build a set of
signature tokens over (i) a hierarchy of temporal windows at multiple scales, and
(ii) a kinematic spatial hierarchy that spans individual joints, joint pairs, and
multi-joint anatomical chains (Fig. 2). Each token is a deterministic, mathemat-
ically principled descriptor of continuous motion geometry over a specific path
instance and temporal interval, rather than a raw frame-level observation.

Temporal Multi-View Tokens (Global + Local) A single temporal win-
dow captures only a fragment of the motion; a single global summary loses
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local dynamics. We therefore design each token to simultaneously encode both
short-range and long-range temporal structure by combining a global and a local
signature view of the same underlying path instance.

Concretely, we build a hierarchy of temporal scales indexed by ℓ ∈ {0, . . . , L−
1}, where scale ℓ uses windows of length Wℓ = 2ℓW0 with stride sℓ. This produces
a set of non-overlapping (or strided) temporal windows ωℓ,k = (tℓ,k−1, tℓ,k] at
each scale. Coarser scales capture slow, global motion trends, while finer scales
capture fast, local dynamics—together spanning the full range of temporal struc-
ture relevant to action recognition.

Let p denote a path instance (a joint trajectory, a joint-pair displacement,
or a chain concatenation) with associated continuous lead–lag trajectory X̃LL

p .
The lead–lag transformation lifts the discrete trajectory into a continuous two-
channel path, enabling the log-signature to capture both the path’s value and its
direction of travel at each moment. For each window ωℓ,k, we define the multi-
view token as the concatenation of a global log-signature computed over the
entire sequence and a local log-signature computed over the current window:

mp,ℓ,k =
[
logS(X̃LL

p )0,T , logS(X̃LL
p )tℓ,k−1,tℓ,k

]
∈ RDmv , Dmv = 2Dlog

(3)
The first term is the global view : a log-signature over [0, T ] that provides a
sequence-level temporal abstraction of the full motion trajectory for path in-
stance p. The second term is the local view : a log-signature restricted to the
current window ωℓ,k, capturing fine-grained dynamics within that interval. By
concatenating both views into a single token, each mp,ℓ,k carries complementary
information about the overall motion pattern and the local temporal context,
without requiring separate streams or additional fusion modules.

Spatial Kinematic Hierarchy (Joint / Pair / Chain Paths) To encode re-
lational structure across the body, we define three levels of spatial path instances
that mirror the natural kinematic organization of the skeleton:

PJ = {1, . . . , J}, PP = E (kinematic joint pairs), PC = C (predefined chains)

Each level captures motion at a different spatial granularity, from individual
joints to multi-joint coordinated patterns.

Joint paths. The most fine-grained level treats each joint j ∈ PJ indepen-
dently. We apply the lead–lag transform to the raw joint trajectory to obtain
X̃LL

j , and form tokens mj,ℓ,k via Eq. 3. These tokens encode the intrinsic mo-
tion of each joint in isolation, providing localized descriptors of individual joint
dynamics.

Joint-pair paths. The intermediate level captures pairwise relational mo-
tion between anatomically connected joints. For each kinematic pair (u, v) ∈ PP ,
we define a relative displacement path

Yu,v(t) = X̃v(t)− X̃u(t),
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which describes how joint v moves relative to joint u. We apply the lead–lag
transform to obtain Ỹ LL

u,v and form tokens m(u,v),ℓ,k via Eq. 3. Using relative
displacements rather than absolute coordinates makes these tokens naturally
invariant to global body translation. For a tree-structured skeleton, |PP | = J−1,
so this level provides nearly the same coverage as joint tokens but with explicit
pairwise relational encoding.

Chain paths. The coarsest spatial level captures coordinated multi-joint
motion along anatomically meaningful limb segments. For each predefined chain
c ∈ PC (e.g., shoulder→elbow→wrist, or hip→knee→ankle), we construct a
chain path Zc by concatenating the constituent joint-pair displacement trajec-
tories in anatomical order. We apply the lead–lag transform to obtain Z̃LL

c and
form tokens mc,ℓ,k via Eq. 3. Chain tokens are particularly important for captur-
ing the higher-order joint coupling that underlies action semantics—a reaching
action, for instance, is better characterized by the coordinated displacement
along the arm chain than by any individual joint pair in isolation.

Token set per window. At each temporal scale and window index (ℓ, k),
we collect tokens over all path instances across the three spatial levels:

M(X)ℓ,k = {mp,ℓ,k : p ∈ PJ ∪ PP ∪ PC }. (4)

The full token sequence fed to the transformer is the union over all (ℓ, k), or-
dered by temporal scale and time. This unified token set allows the transformer
to attend jointly over joint, joint-pair, and chain tokens at multiple temporal
resolutions within a single sequence, enabling rich cross-level and cross-scale
reasoning without requiring separate processing streams.

Projection and positional embeddings. Raw signature tokens have di-
mension Dmv and vary in their geometric meaning depending on whether they
encode a joint, joint-pair, or chain path. We therefore project each token to the
transformer dimension dmodel using type-specific linear projections:

m̃p,ℓ,k = Wtype(p) mp,ℓ,k + etype(p) + estruct(ℓ, dG(p)), (5)

where Wtype(p) ∈ Rdmodel×Dmv is a learned projection specific to the token type
(joint, joint-pair, or chain), and etype(p) is a learned type embedding that in-
forms the transformer of the spatial level each token comes from. The structural
embedding estruct(ℓ, dG(p)) jointly encodes the temporal scale ℓ and the kine-
matic depth dG(p)—the graph distance from the skeleton root to the joint or
joints associated with path instance p—providing the transformer with a coher-
ent spatial-temporal coordinate system for attending over tokens from different
levels and scales. Together, these embeddings allow the model to reason about
both what a token represents spatially and when it occurs temporally.

3.3 Spatial Processing via Signature Aggregation

Our tokenization makes relational structure explicit: edge tokens encode pairwise
joint relationships through relative-motion signatures, and chain tokens aggre-
gate these relations along anatomical limbs. The student encoder processes all
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tokens jointly with self-attention. We optionally augment attention logits with
learned bias terms that encode temporal and kinematic structure:

αij =
QiK

⊤
j√

dk
+βtκt(|ti−tj |)+βℓκℓ(ℓi, ℓj)+βωIoU(ωi, ωj)+βGκG(dG(i, j)), (6)

where token i has metadata (center time ti, scale ℓi, window ωi), and dG(i, j)
is the kinematic graph distance between the joints associated with tokens i
and j (e.g., nearest endpoint joints for edges, endpoints for chains). Scalars
{βt, βℓ, βω, βG} are learned.

3.4 Signature-Augmented Masking

Masking is applied after signature extraction: we compute all tokens M(X)ℓ,k
from the full sequence, then mask tokens in the student/context branch (we
never zero coordinates before computing signatures).

Token dependency masking. LetM⊂ {1, . . . , J} denote the masked joint
set. We mask every token whose underlying path touches any masked joint:

I(M) = { (p, ℓ, k) : p ∩M ≠ ∅ }. (7)

Equivalently: (i) joint tokens for j ∈ M, (ii) edge tokens with an endpoint in
M, and (iii) chain tokens traversing any joint in M. Because each token is the
concatenation [global, local] for the same path (Eq. 3), masking a token removes
both its global and local views. This prevents information leakage through over-
lapping relational paths and enforces leak-free prediction.

Kinematically coherent motion-aware sampling. In practice, we build
M via a hybrid strategy: we compute per-joint motion magnitude, sample a seed
joint with higher probability for high-motion joints, then expand the mask to the
seed joint’s kinematic subtree (e.g., an entire limb branch), enforcing anatomical
coherence while retaining motion awareness.

3.5 JEPA Training Framework

Figure 3 shows the training workflow.
Student encoder. The student encoder fθ is a transformer with Le layers.

It processes only the context tokens

C = { m̃p,ℓ,k : (p, ℓ, k) /∈ I(M) },

and outputs contextual embeddings ZC ∈ R|C|×dmodel using attention in Eq. 6.
Predictor. For each masked token index (p, ℓ, k) ∈ I(M), we construct

a learnable query embedding qp,ℓ,k from metadata (token type, path ID, time
center, scale, and kinematic depth). The predictor gϕ (with Lp layers) performs
cross-attention from these queries to the student context:

ẐI = gϕ(QI , ZC), (8)



10 A. Singh et al.

producing predictions ẐI ∈ R|I|×dmodel aligned with the masked indices I =
I(M).

Teacher encoder. The teacher encoder fθ̄ has the same architecture as the
student and processes the full (unmasked) token sequence to produce Zfull ∈
RNtotal×dmodel . Targets are extracted at masked indices:

Z∗
I = Zfull[I] ∈ R|I|×dmodel . (9)

Teacher parameters are updated by EMA: θ̄ ← λθ̄+(1−λ)θ. We apply standard
centering for stability: Z∗

I ← Z∗
I − c, where c is a running mean with decay β.

Objective. We minimize cosine distance between predicted and target em-
beddings:

LJEPA =
1

|I|
∑
i∈I

(
1− ẑ⊤i z

∗
i

∥ẑi∥ ∥z∗i ∥

)
. (10)

After pretraining, the teacher encoder fθ̄ is used as the feature extractor for
linear probing and fine-tuning on downstream action recognition.

4 Experiments

Datasets: We evaluate Path-JEPA on four widely-used skeleton-based action
recognition benchmarks. NTU RGB+D 60 (NTU60) [43]contains 56,880 action
sequences with 60 classes, evaluated on Cross-Subject (X-Sub) and Cross-View
(X-View) protocols. NTU RGB+D 120 (NTU120) [30] extends this to 114,480 se-
quences across 120 classes, with Cross-Subject (X-Sub) and Cross-Setup (X-Set)
protocols. PKU-MMD [29] provides 1,076 untrimmed sequences across Phase I
(51 classes) and Phase II (41 classes) following cross-subject evaluation.
Implementation Details: Our architecture uses vanilla transformer backbones
[14] with Le = 6 encoder layers and Lp = 4 predictor layers, both with dmodel =
512, 8 attention heads, and feedforward dimension 2048. We pretrain for 300
epochs using AdamW [33] with learning rate 3 × 10−4, weight decay 0.05, and
batch size 256, applying cosine decay with 10-epoch warmup. Teacher EMA mo-
mentum increases from 0.996 to 1.0 via cosine schedule, with centering momen-
tum β = 0.9. Signatures use truncation level n = 2 with lead-lag transformation
(d′ = 6), yielding Dlog = 22 coefficients per token. Multi-scale windows employ
ℓ = 0 (size 25, stride 12) and ℓ = 1 (size 50), resulting in Ltotal = 4 windows and
Ntotal = 152 tokens per sequence. For downstream evaluation, linear probing
trains for 100 epochs with SGD (momentum 0.9, learning rate 0.1), while fine-
tuning uses 300 epochs with AdamW (learning rate 3 × 10−4, layer-wise decay
0.75). We provide additional experiments namely - computational comparison,
sensitivity to β parameters, frame drop and qualitative results in Appendix B.

4.1 Linear Evaluation

Table 1 presents linear evaluation results where the pretrained teacher encoder
is frozen and only a linear classifier is trained. Path-JEPA achieves 87.6% on
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Table 1: Linear evaluation accuracy (%) on skeleton action recognition benchmarks.
Best results are in bold, and second best are underlined.

Method In. NTU60 NTU120 PKU-MMD
X-Sub X-View X-Sub X-Set Ph-I Ph-II

Contrastive learning
CrosSCLR [25] J+B+M 77.8 83.4 67.9 66.7 84.9 21.2
AimCLR [18] J+B+M 78.9 83.8 68.2 68.8 87.4 39.5
ActCLR [28] J+B+M 84.3 88.8 74.3 75.7 – –
HiCo [13] J 81.1 88.6 72.8 74.1 89.3 49.4

Coordinate reconstruction
SkeletonMAE [52] J 74.8 77.7 72.5 73.5 82.8 36.1
MAMP [37] J 84.9 89.1 78.6 79.1 92.2 53.8

Feature prediction
GFP [48] J 85.9 92.0 79.1 80.3 – 56.2
S-JEPA [1] J 85.3 89.8 79.6 79.9 92.2 53.5
Path-JEPA J 87.6 92.9 81.5 81.8 93.4 56.7

NTU60 X-Sub, surpassing GFP by 1.7% and (ActCLR) by 3.3%. On NTU120,
Path-JEPA reaches 81.5% on X-Sub and 81.8% on X-Set, improving over S-JEPA
by 1.9% and GFP by 1.5%. On PKU-MMD, Path-JEPA achieves 93.4% on Phase
I and 56.7% on Phase II, matching or exceeding previous best results. These im-
provements across diverse datasets show that signature-based representations
provide superior features compared to learned embeddings or coordinate-level
representations. The geometric properties encoded by path signatures, displace-
ment, Lévy area, and higher-order couplings, prove more informative than raw
coordinates or black-box learned features for action recognition.

4.2 Fine-tuning Evaluation

Table 2 presents results under the fine-tuning protocol where the pretrained en-
coder is adapted to the downstream task. Path-JEPA continues to demonstrate
strong performance, achieving state-of-the-art results among self-supervised meth-
ods while remaining competitive with fully supervised approaches. On NTU60,
Path-JEPA achieves 94.4% on X-Sub and 98.2% on X-View, improving over
the previous best self-supervised method (GFP) by 0.5% and 1.2% respectively.
On the more challenging NTU120 benchmark, Path-JEPA reaches 90.8% on X-
Sub and 91.9% on X-Set, representing gains over previous best results. Notably,
Path-JEPA outperforms several supervised methods including ST-GCN and 2s-
AGCN, demonstrating that signature-based self-supervised pretraining can rival
or exceed supervised learning with carefully designed architectures. Compared
to recent graph convolutional approaches like CTR-GCN, Path-JEPA achieves
comparable performance without requiring explicit graph structure design or
message passing operations, suggesting that signature tokenization naturally en-
codes the relevant spatial relationships through edge and chain tokens.
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Table 2: Fine-tuning accuracy (%) on NTU RGB+D datasets. Path-JEPA uses joint
positions only. Best results are in bold, and second best are underlined.

Method In. NTU60 NTU120
X-Sub X-View X-Sub X-Set

Supervised methods
ST-GCN [53] J 81.5 88.3 70.7 73.2
2s-AGCN [44] J 88.5 95.1 82.9 84.9
MS-G3D [32] J 91.5 96.2 86.9 88.4
CTR-GCN [9] J 92.6 96.9 88.9 90.8

Self-supervised methods
SkeletonMAE [52] J 86.6 92.9 76.8 79.1
MotionBERT [58] J 93.0 97.2 84.8 86.4
MAMP [37] J 93.1 97.5 90.0 91.3
MaskCLR [22] J 93.5 97.5 90.5 91.9
GFP [48] J 93.9 97.0 89.6 91.2
S-JEPA [1] J 93.1 97.6 90.3 91.2
Path-JEPA J 94.4 98.2 90.8 91.9

4.3 Semi-Supervised Learning

To evaluate data efficiency, we perform semi-supervised experiments where only
a fraction of labeled data is available for fine-tuning. Table 3 shows results on
NTU60 using 1%, 10%, and 60% of training labels. Across all settings, Path-
JEPA achieves strong results. For 1% labeled data (approximately 400 samples),
Path-JEPA achieves 72.2% on X-Sub and 71.8% on X-View, surpassing S-JEPA
by 4.7% and 2.7%, respectively, and matching or exceeding GFP despite using
significantly fewer labels. These gains are substantial in the extremely low-data
regime, where every percentage point represents successful recognition of dozens
of action samples. The improvements remain consistent at 10% labels, with Path-
JEPA reaching 89.1% on X-Sub and 92.1% on X-View, maintaining advantages
of 0.7% and 0.7% over S-JEPA. At 60% labels, Path-JEPA achieves 92.1% and
95.7%, matching S-JEPA on X-Sub while improving by 0.3% on X-View. These
results suggest that signature-based representations provide more transferable
features that generalize better with limited labeled data. We hypothesize this
stems from the explicit geometric meaning of signature terms: even with few
labeled examples, the model can leverage the interpretable displacement and
rotation features encoded in signature coefficients to distinguish actions, whereas
black-box learned embeddings from S-JEPA or GFP require more labeled data
to identify discriminative patterns.

4.4 Transfer Learning

Table 3 evaluates transfer learning where models pretrained on one dataset are
fine-tuned on a different target dataset. We use PKU-MMD Phase II as the
target and pretrain on NTU60, NTU120, and PKU-MMD Phase I respectively.
Path-JEPA achieves the best transfer performance across all source datasets,
demonstrating strong generalization of learned representations. When pretrain-
ing on NTU60 and transferring to PKU-MMD Phase II, Path-JEPA reaches
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Table 3: Semi-supervised learning on NTU60 (accuracy %) with limited labeled data
(1/10/60% labels), and transfer learning to PKU-MMD Phase II (PKU-II) where mod-
els are pretrained on the source dataset and fine-tuned on PKU-II. Best results are in
bold, second best are underlined.

Method
Semi-supervised (NTU60) Transfer to PKU-II

X-Sub X-View Pretrain → PKU-II
1% 10% 60% 1% 10% 60% NTU60 NTU120 PKU-I

SkeletonMAE
[52]

54.4 80.6 85.2 54.6 83.5 88.9 58.4 61.0 62.5

MAMP [37] 66.0 88.0 91.8 68.7 91.5 95.2 70.6 73.2 70.1
S-JEPA [1] 67.5 88.4 92.1 69.1 91.4 95.4 71.4 74.2 70.9
GFP [48] 71.8 88.7 – 72.9 92.1 – – – –
Path-JEPA 72.2 89.1 92.1 71.8 92.1 95.7 72.6 75.6 72.9

72.6% accuracy, outperforming S-JEPA by 1.2%. Similar improvements of 1.4%
and 2.0% are observed when pretraining on NTU120 and PKU-MMD Phase
I, respectively. These results indicate that signature-based features capture ac-
tion characteristics that transfer well across different data distributions, camera
setups, and action taxonomies. The mathematical invariances of the signature
transform, particularly reparameterization invariance, contribute to this strong
transfer capability, as the same action primitives (reaching, grasping, walking)
appear across datasets with different recording conditions and temporal sam-
pling rates.

4.5 Ablation Studies

Robustness to Frame Rate Variations To evaluate robustness to frame-
rate changes, we apply a controlled resampling protocol on NTU60 X-Sub. For
each test sequence, we simulate a target frame rate f ∈ {15, 20, 45, 60} by uni-
form subsampling (for f < 30) or upsampling (for f > 30), followed by lin-
ear interpolation back to the original sequence length so all methods receive
identical input shapes. Table 4 reports accuracy across frame rates (relative to
30fps). Path-JEPA remains stable over 15–60fps, varying by only 1.0% (87.1–
88.1). In contrast, S-JEPA drops by 2.9% at 15fps, while SkeletonMAE and
MAMP show larger sensitivity to resampling. This behavior aligns with our
continuous-time targets: path signatures summarize motion over intervals and
satisfy S(x ◦ ϕ) = S(x) for monotone reparameterizations ϕ. After lifting se-
quences to continuous paths via linear interpolation, the resulting signature co-
efficients are less sensitive to temporal discretization, yielding strong frame-rate
robustness without explicit multi-speed augmentation, whereas coordinate- and
latent-target baselines must learn such invariances implicitly and degrade more
under sampling-rate shifts.

Masking Strategies Table 5 compares different masking strategies. Random
masking of 20% of joints achieves 84.1% accuracy. Motion-aware masking im-
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Table 4: Robustness to frame-rate variations on NTU60 X-Sub. Accuracy (%) at
different frame rates. Best results are in bold, and second best are underlined.

Method 15fps 20fps 30fps 45fps 60fps

SkeletonMAE [52] 69.9 73.2 74.8 71.1 70.3
MAMP [37] 81.8 83.5 84.9 82.7 81.2
S-JEPA [1] 82.4 82.9 85.3 84.7 84.5
Path-JEPA 87.1 87.5 87.7 87.8 88.1

proves it further to 86.8% (+2.7%), confirming that masking informative re-
gions creates more challenging tasks. Our signature-augmented masking with-
out kinematic expansion reaches 86.3%, showing the benefit of leak-free pre-
diction. Finally, kinematic expansion that masks entire subtrees achieves 87.6%
(+1.3%), demonstrating that anatomically coherent masking encourages learn-
ing of biomechanical constraints. Performance peaks at 20–25% masking, with
degradation at higher ratios where insufficient context remains.

Components of Signature Tokenization Table 6 analyzes the contribution
of each component in our multi-scale signature tokenization. Using only joint
tokens with global signatures achieves 84.4% accuracy on NTU60 X-Sub. Adding
local signatures improves performance to 85.8% (+1.4%), demonstrating the
value of multi-horizon temporal representation. Including edge tokens further
boosts accuracy to 86.4%, showing that pairwise geometric relationships are
informative. Finally, adding chain tokens reaches 87.6% (+1.2%), yielding a total
4.3% gain over the baseline.
Using only local signatures without global context performs poorly (83.3%),
confirming that long-range temporal dependencies are crucial for distinguishing
actions. The hierarchical spatial tokenization progressively incorporates complex
geometric relationships, with each level contributing distinct information.

Table 5: Ablation on masking strate-
gies. Linear evaluation on NTU60 X-Sub.
Masking strategy Acc. (%)

Random (20% joints) 84.1
Motion-aware (S-JEPA) 86.8

Signature-augmented (random seeds) 86.3
+ Kinematic subtree expansion 87.6

Kinematic, 10% masking 85.1
Kinematic, 40% masking 84.9

Table 6: Ablation study on tokenization
components. Linear evaluation accuracy
(%) on NTU60 X-Sub.

Temporal Spatial hierarchy Acc. (%)Global Local Joint Edge Chain

✓ ✓ 84.4
✓ ✓ 83.3

✓ ✓ ✓ 85.8
✓ ✓ ✓ ✓ 86.4
✓ ✓ ✓ ✓ ✓ 87.6

5 Conclusion

We introduced Path-JEPA, a self-supervised framework that combines path sig-
nature representations with masked prediction for skeleton-based action recog-
nition. By constructing multi-scale signature tokens over joint, edge, and chain
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paths, Path-JEPA captures displacement, rotation, and higher-order coordi-
nation patterns in a geometrically interpretable manner. Our kinematic-aware
masking forces the model to reconstruct entire anatomical subtrees from context,
yielding temporally robust features that consistently outperform coordinate-
based and embedding-based baselines, particularly under frame rate variations
and irregular sampling. Despite these benefits, Path-JEPA has limitations. Per-
formance depends on structural hyperparameters such as signature degree and
window sizes, which we currently choose heuristically. Future work could co-
design the path hierarchy and windowing scheme with the model, allowing
adaptive selection of informative paths and scales. Integrating explicit dynamics
models or extending Path-JEPA to multi-modal settings (RGB plus skeleton) or
other structured time series (biosignals, mesh trajectories) are promising direc-
tions. We hope Path-JEPA encourages broader exploration of rough path theory
and signature-based representations of continuous time series within modern
self-supervised learning frameworks.
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