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Abstract

Skeleton-based Temporal Action Segmentation (STAS) aims
to densely parse untrimmed skeletal sequences into frame-
level action categories. However, existing methods, while
proficient at capturing spatio-temporal kinematics, neglect
the underlying physical dynamics that govern human mo-
tion. This oversight limits inter-class discriminability be-
tween actions with similar kinematics but distinct dynamic
intents, and hinders precise boundary localization where
dynamic force profiles shift. To address these, we pro-
pose the Lagrangian-Dynamic Informed Network (LaDy),
a framework integrating principles of Lagrangian dynam-
ics into the segmentation process. Specifically, LaDy first
computes generalized coordinates from joint positions and
then estimates Lagrangian terms under physical constraints
to explicitly synthesize the generalized forces. To further
ensure physical coherence, our Energy Consistency Loss
enforces the work-energy theorem, aligning kinetic energy
change with the work done by the net force. The learned
dynamics then drive a Spatio-Temporal Modulation mod-
ule: Spatially, generalized forces are fused with spatial
representations to provide more discriminative semantics.
Temporally, salient dynamic signals are constructed for
temporal gating, thereby significantly enhancing bound-
ary awareness. Experiments on challenging datasets show
that LaDy achieves state-of-the-art performance, validat-
ing the integration of physical dynamics for action segmen-
tation. Code is available at https://github.com/
HaoyuJi/LaDy.

1. Introduction

Skeleton-based Temporal Action Segmentation (STAS) has
emerged as a critical research frontier, aiming to parse
untrimmed skeletal sequences into dense, frame-level ac-
tions. The skeleton modality offers a compelling balance
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Figure 1. Conceptual comparison of STAS frameworks. (a) Con-
ventional models capture only spatio-temporal kinematic patterns.
(b) Our LaDy framework introduces Lagrangian dynamics to de-
rive generalized forces that modulate the spatio-temporal features,
leading to improved discriminability and boundary localization.

of computational efficiency and intrinsic robustness to en-
vironmental variations [24, 52], making it ideal for applica-
tions from human-computer interaction [47] to autonomous
driving [19, 22] and clinical surveillance [5, 13].

Prevailing STAS methods employ deep architectures to
capture intricate spatio-temporal dependencies, as shown
in Fig. 1(a). Spatially, Graph Convolutional Networks
(GCNs) [14, 32, 55] and attention mechanisms [36, 45]
model the non-Euclidean topology of the body, while tem-
porally, Temporal Convolutional Networks (TCNs) [12, 14,
28] and Transformers [25, 31, 57] capture long-range de-
pendencies. These methods excel at learning complex
spatio-temporal kinematic patterns—the “what” and “how”
of motion—achieving considerable success.

However, a fundamental limitation underlies current
methods: they operate almost exclusively in the domain
of kinematics, remaining largely agnostic to the underly-
ing dynamics that govern the motion. Human movement
is not merely a sequence of poses; it is the physical man-
ifestation of forces dictated by the principles of classical
mechanics. Neglecting this dynamic foundation discards a
rich source of information defining the intent and causal-
ity of an action. This “dynamics-agnostic” approach leads
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to two significant, unresolved challenges. First, it compro-
mises inter-class discriminability for actions that share sim-
ilar kinematic profiles but arise from disparate dynamic in-
tents (e.g., “Moving Cart” and “Walking”, which are kine-
matically similar but dynamically disparate). Second, it hin-
ders precise boundary localization, because action transi-
tions are not merely kinematic shifts but are fundamentally
defined by abrupt changes in the dynamic force profile—
changes that kinematic-only models often blur.

To bridge this “kinematics-dynamics” gap, we introduce
the Lagrangian-Dynamic Informed Network (LaDy), which
integrates the principles of Lagrangian dynamics directly
into action segmentation, as illustrated in Fig. 1(b). In-
stead of solely observing how a person moves, LaDy rea-
sons about why they move by explicitly estimating the gen-
eralized forces (joint torques) driving the skeletal system.
Specifically, our Lagrangian Dynamics Synthesis (LDS)
module computes generalized coordinates from joint con-
figurations and then utilizes physically-constrained mod-
ules to estimate the constituent Lagrangian terms (e.g., In-
ertia, Coriolis, Gravity) for synthesizing the generalized
forces. To ensure these forces are physically coherent,
we introduce an Energy Consistency Loss (ECLoss). This
physics-based regularizer enforces the work-energy theo-
rem, supervising the network by aligning the system’s ki-
netic energy change with the net work done by all forces.
Finally, the learned dynamic features are leveraged by
a Spatio-Temporal Modulation (STM) mechanism, which
fuses forces with spatial representations and uses salient dy-
namic signals for hierarchical temporal gating.

We validate LaDy through extensive experiments on six
challenging STAS datasets [33, 37, 40, 50]. Our method
achieves new state-of-the-art performance, validating our
central hypothesis that integrating physical dynamics pro-
vides a more discriminative and precise foundation for
action segmentation. Our main contributions are three-
fold: (i) We propose LaDy, the first framework to intro-
duce Lagrangian dynamics into STAS. Its core is the La-
grangian Dynamics Synthesis (LDS) module, which esti-
mates physics-informed generalized forces to assist seg-
mentation. (ii) We introduce an Energy Consistency Loss
(ECLoss), a physics-based regularizer that enforces the
work-energy theorem to ensure the physical coherence of
the forces. (iii) We design a dynamics-driven Spatio-
Temporal Modulation (STM) that leverages the forces via
spatial fusion and hierarchical temporal gating, enhancing
action discriminability and boundary localization.

2. Related Work

Temporal Action Segmentation. Temporal Action Seg-
mentation (TAS) research is largely differentiated by in-
put modality. Video-based TAS methods focus on learning
from RGB or flow features. The field has evolved by en-

hancing core temporal architectures, including TCNs [12,
15, 16, 28-30, 41, 43], Graph-based models [21, 46, 59],
Transformers [2, 3, 11, 38, 48, 57], diffusion models [1, 34,
35] and boundary refinement techniques [23, 49]. Skeleton-
based TAS, our focus, models spatio-temporal dependen-
cies from skeleton sequences. The dominant paradigm,
established by MS-GCN [14], combines GCNs for spatial
topology with TCNs for temporal modeling. This pipeline
has been the subject of numerous refinements, includ-
ing decoupled architectures [31], motion-aware enhance-
ments [4], discriminative graph networks [32], contrastive
learning [7], multi-scale pyramids [8] and data process-
ing strategies [53, 54, 56]. Alternative approaches leverage
spatio-temporal attention [25, 36, 45] and language-assisted
modeling [6, 24, 26]. However, these methods are fun-
damentally kinematic, modeling motion appearance while
ignoring its underlying dynamics, thus limiting inter-class
discriminability and boundary precision. To our knowledge,
LaDy is the first framework to introduce Lagrangian dy-
namics into STAS, directly addressing this gap.
Physics-Informed Dynamics Modeling. Integrating phys-
ical principles into deep learning is a significant research
area, often utilizing Lagrangian [10, 39, 64] or Hamilto-
nian [17] mechanics. In the context of human motion,
these principles are leveraged in three main ways: (1) As
Feature Enhancers: Physics-derived quantities (e.g., forces,
torques) are used as auxiliary inputs or features to deep
networks for tasks like motion prediction [61, 62] or ac-
tion generation [42]. (2) As Supervisory Signals: Physics
is used as a loss function or regularizer to enforce phys-
ical plausibility, often for trajectory refinement [44, 60],
pose correction [51], or guiding representation learning via
physics-augmented decoders [18, 58]. (3) As Control Sig-
nals: Dynamic properties are used to modulate the infor-
mation flow within a network, such as using velocity to
gate LSTMs [20] or fusing torques in a Graph-GRU [63].
Despite this progress, leveraging explicit, complete skele-
tal dynamics for spatio-temporal feature processing re-
mains underexplored. Our work presents the first physics-
informed network for STAS, leveraging the Lagrangian dy-
namics equation and the work-energy theorem to estimate
forces for spatio-temporal modulation.

3. Method

The goal of STAS is to densely parse an untrimmed skeletal
sequence. We denote the input sequence as X € RCoxTxV
with T frames, V joints and C input channels (e.g., coordi-
nates). STAS maps X to a sequence of frame-level one-hot
labels Y € RC*T where Q is the number of action classes.

3.1. Overall Architecture

As shown in Fig. 2, LaDy achieves action segmentation
through two parallel streams: a standard and conventional
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Figure 2. Overview of the LaDy framework. The Lagrangian Dynamic Model (lower-left) synthesizes generalized forces from coordi-
nates, constrained by an Energy Consistency Loss for physical coherence. Concurrently, the Spatial Model (upper-left) extracts kinematic
features (GCNs) and fuses them with these physics-aware dynamics. The multi-stage Temporal Model (right) processes the fused spatial
representation, where each stage is hierarchically gated by force-driven signals to enhance boundary awareness.

Spatio-Temporal Model as main branch (top) and our novel
Lagrangian Dynamic Model as auxiliary branch (bottom),
which interact via Spatio-Temporal Modulation (STM).

The Lagrangian Dynamic Model, the core of our in-
novation, first computes generalized coordinates, veloci-
ties, and accelerations (g, ¢, € RT*P) from input coor-
dinates X. These are fed into the physically-constrained
Lagrangian Dynamics Synthesis (LDS) module to estimate
the generalized forces 7 € RT*D (Sec. 3.2). These forces
are supervised by our Energy Consistency Loss (ECloss)
to ensure physical rationality (Sec. 3.3). This branch out-
puts two signals for modulation: (1) a dynamic feature
Fayn € REXTXV (via a Linear layer) and (2) three salient
dynamic signals (Power, Torque, Torque Change) € R'*7,

In the main branch, the Spatial Model first extracts kine-
matic features Fy;, from X using Multi-Scale [31] and
Adaptive GCNs [4]. Spatial modulation (Sec. 3.4) then
fuses Fj;, with the dynamic feature Fyy, to produce an
enriched representation Fy, € R2*TxV_ F_ is then fed
into the L-stage Temporal Model. Each stage comprises a
Linear Transformer [27], an adaptive fusion module, and a
temporal modulation (Sec. 3.4), which performs hierarchi-
cal gating driven by three salient dynamic signals.

The final L-th stage representation Fi is fed to Classi-
fication and Boundary Heads, yielding initial classification
predictions Y;? and boundary predictions Y,?. Fp is also
supervised by an action-text contrastive loss (L4z.), follow-
ing [24, 26]. These initial predictions are refined by a multi-
stage refinement module to produce final outputs Y,/ and
Y,F". The model is trained end-to-end with a composite ob-
jective: standard segmentation losses [23, 31], L., and our

LEc. Inference employs the post-processing [23] scheme.

3.2. Lagrangian Dynamics Synthesis

The Lagrangian Dynamics Synthesis (LDS) module moves
beyond black-box estimation, synthesizing generalized
forces from kinematics by structurally parameterizing the
Lagrangian equation with embedded physical constraints.

3.2.1. Generalized Coordinates Computation

The skeleton is modeled as an open kinematic chain G =
(V, &), where V is the set of V joints and £ defines the bone
connectivity. The generalized coordinates ¢ comprise the
root orientation ¢"°°* and local joint rotations ¢'°¢%!.

Root Orientation (¢"°°%): We define a time-varying
local body frame {Z4is(t), Yazis(t), Zazis(t)} at the root
joint j,.,-SpineBase using the Cartesian positions p/ € R?
of j,, and its neighbors (j,,-SpineMid, j,.,-RightHip, j;-
LeftHip). The primary axes are:

773; = pjm (t) - pjw (t), Uz raw = pjrh (t) — pjlh (t). ()

An orthonormal basis is obtained via Gram-Schmidt or-
thogonalization:

gawis = N(Uy)a Zamis = N(Q_fw,raw X gamis);

fa:vis = N(gaxis X Zaris)y

2

where N (+) is L2 normalization. These axes form the rota-
tion matrix Ryoot(t) = [Zawis|Yawis| Zazis] € SO(3), which
is converted to an axis-angle representation ¢"°°(t) € R3.
Local Joint Rotations (¢'°“*): For each joint j with
parent p = pa(j) and grandparent gp = pa(p), we define
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Figure 3. Physics-constrained dynamics synthesis and energy-
based supervision. Generalized states (q,q,§) are fed into
physics-constrained estimators to derive the Lagrangian terms
(M, C, G, F). These terms are then assembled via the Lagrangian
equation to synthesize the generalized forces (7). Concurrently,
the Energy Consistency Loss (L g¢) regularizes the forces.

the parent bone v,,(t) = p”(t) — p9P(t) and child bone
Venita(t) = p?(t) — pP(t). The local rotation ¢/ (¢) € R3 is
the axis-angle vector that aligns the direction of v, (¢) with
Venitd(t):

a(t) = N(N(vpa(t)) X N (venita(t))),
0(t) = arccos(N (vpa(t)) - N'(venaa(t))),  (3)
¢’ (t) = 0(t) - alt).

Note: For 2D data, ¢"°°* ¢ R! is the root bone angle and
¢’ € R is the signed angle between vy, and v pia-

State Variables Assembly: The generalized coordinate
vector ¢(t) € RP is the concatenation of ¢"°°(t) and all
¢’ (t) for j € V' C V. We approximate the generalized ve-
locity ¢ and acceleration § using first-order backward finite
differences (assuming At = 1 and ¢(—1) = 0):

q(t) = q(t) —q(t = 1), G(t) = q(t) —q(t —1). 4

The resulting state variables {q, ¢, §} € RP*T
input to the dynamics estimation.

serve as the

3.2.2. Physics-Constrained Dynamics Estimation

We estimate the terms of the Lagrangian dynamics equa-
tion, 7 = M(q)§ + C(q,9)q + G(q) + F(q,q), using
four neural networks (Fys, Fc, Fa, Fr) that embed physi-
cal constraints, as illustrated in Fig. 3.

Inertia Matrix M (q): The inertia matrix M(q) €
RPXDPXT myust be symmetric positive definite. We enforce
this by parameterizing M (q) via Cholesky decomposition,
M(q) = L(q)L(q)T. An MLP, F;, predicts a vector of
D(D + 1)/2 elements from ¢, which populates a lower-
triangular matrix L!°”(q). To ensure M (q) is positive defi-
nite, the diagonal entries of L(q) are enforced to be positive:

Lii(q) = softplus(Li?" (q)) + €, 5

where L/;(q) is the i-th diagonal entry of L(g). The small
constant € > 0. The matrix is then M (q) = L(q)L(q)".

Coriolis Matrix C(q, ¢): The Coriolis and centrifugal
matrix C(q,q) € RP*PXT is constrained by the passivity
property, requiring M (¢) —2C(q, §) to be skew-symmetric.
We enforce this by defining N = M —2C', where N(q,q) =
—N(q,4)T is a skew-symmetric matrix. An MLP, Fc,
takes the channel-wise concatenation Concat(q, ¢) as input
and outputs a vector of D(D — 1)/2 elements, which pop-
ulates a strictly upper-triangular matrix N*P(q, ¢). The full
matrices N and C are then constructed as:

N(Q7q) :Nup(Q7Q) _NUP(Q7q)T7 (6)

M (q) is approximated via finite differences, M(q(t)) =~
M(q(t)) — M(q(t — 1)). This construction mathematically
guarantees the passivity constraint.

Gravity Vector G(q) and Other Forces F'(q,q): The
gravitational torque G(q) € RP*T and non-conservative
forces F'(q, ¢) € RP*T (e.g., friction, external interactions)
are estimated directly using two separate MLPs:

G(q) = Fal(q),

Generalized Force Synthesis: The estimated general-
ized force 7 € RP*T is synthesized by assembling the
learned components according to the Lagrangian equation:

F(q,q) = Fp(Concat(q,q)).  (7)

= M(q)§+ C(q,4)q + G(q) + F(q,4),  (8)

where the products (e.g., M(q)¢ and C(q,q)q) denote
batched matrix-vector multiplications performed indepen-
dently at each time step t. This force 7, along with M, G,
F', and ¢, is then passed to the energy consistency loss and
spatio-temporal modulation module.

3.3. Energy Consistency Loss

To ensure physically coherent force synthesis, we introduce
the Energy Consistency Loss (Lg¢), a physics-based regu-
larizer that enforces the Work-Energy Theorem. This the-
orem equates the change in kinetic energy (AFE) to the
work (W) done by the net force. In the rotational skele-
ton system, this work is done by the net torque 7,.; =
7 — G — F, where T is the predicted actuation and G and F’
are load torques (gravity, friction). The integral form over a
discrete time step At = [t — 1,¢] is:

Erclt) — Bxe(t—1) = /71P(s)ds, ©)

where P(s) = Tnet(8) - ¢(8) is the instantaneous power.
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Discrete-Time Work-Energy Calculation: We first
compute the kinetic energy at each time step ¢:

Ex(t) = 0.5-4(t)" M(t)q(t), (10)

where ¢(t) € RP*! and M(¢) € RP*P. The change in
kinetic energy is AFk (t) = Ex (t) — Ex (t — 1) during the
interval [t — 1,¢]. Next, the net power P(t) is:

P(t) = Z[(T(t) —G(t) = F(t)-q@)], A1)

where - denotes the Hadamard product. The work W (¢)
over the interval [t — 1, ] is approximated as W (¢) = 0.5 -
(P(t) + P(t — 1)) using the trapezoidal rule.

Relative Energy Residual Loss: A naive L1 loss be-
tween AFE and W would be highly sensitive to the mag-
nitude of motion. We therefore design a scale-invariant rel-
ative energy residual rg:

_ AEg@)-W(@)
JAER)|+ W ()| + 6

r(t) M(@).  (12)

The denominator normalizes the residual for robustness to
varying energy scales, while § ensures numerical stability.
The mask M (t) directly zeros out the residual r(¢) where
the denominator is near-zero, preventing noise amplifica-
tion during static or micro-movement phases. The final loss
L g is the Huber loss computed between the residual r g (t)
and 0 and averaged over all time steps, which provides ro-
bustness to potential outliers in the dynamic estimates.

3.4. Spatio-Temporal Modulation

The dynamics offer causal insights crucial for resolving
kinematic ambiguities and localizing boundaries. We lever-
age this via the Spatio-Temporal Modulation (STM), which
injects these insights into the spatial and temporal streams.

3.4.1. Spatial Modulation

Spatial modulation enriches the spatial representation by
fusing force information, enhancing inter-class discrim-
inability. Given the kinematic features Fj;, € RE*TxV
from the GCN and the generalized forces 7 € RP*T,
we first align their dimensions. 7 is projected into the
kinematic channel dimension C' using a linear layer, yield-
ing the dynamic feature Fj € RE*T. This feature is
then expanded V' times along the joint dimension to create
Fayyn € REXTXV_ Finally, F,,,, and Fj;, are concate-
nated along the channel dimension, producing the final spa-
tial representation Fy, € R2“*T*V This integrated fea-
ture, encoding both geometric pose and its causal dynamics,
serves as the input to the temporal model.

3.4.2. Temporal Modulation

Temporal modulation employs salient dynamic signals to
hierarchically gate the temporal feature flow, enhancing
sensitivity to high-energy events and abrupt dynamic shifts
characteristic of action boundaries.

Salient Dynamic Signal Construction: We first distill
three salient 1D signals from the dynamic state variables
to quantify the motion’s instantaneous energy and tran-
sients: (1) Instantaneous Power (gp): The L1 norm of the
element-wise power (7T - ¢), capturing total energy expendi-
ture: gp(t) = ||7(t) - ¢(t)||1. (2) Torque Norm (g,): The L2
norm of the generalized forces, indicating the overall actua-
tion magnitude: g, (t) = ||7(¢)||2- (3) Torque Change (g;):
The L2 norm of the first-order temporal difference of 7 (via
finite difference), quantifying dynamic transients that often
signal boundary shifts: g;(t) = ||7(¢t) — 7(t — 1)||2. These
three signals (gp, g-,g; € RT) are concatenated, forming

the initial dynamic gate Gfi(;)n € R**T for the first stage.
Multi-Stage Gating: Our temporal model features a par-

allel gating branch of L stages, mirroring the main temporal

backbone to enable hierarchical modulation. At each stage

I €{1,..., L}, the module takes two inputs: the main tem-

)

poral features H¥ € RE*T from stage [ and the gate sig-

nal Ggyjll) € R3**T from the previous gating stage. The

process at stage [ unfolds in two steps:

First, the incoming gate signal Ggy;l) is refined. A
key design choice is to process the three dynamic signals
in parallel, independent streams (Fig. 2) to preserve their
distinct physical interpretations (Power, Torque, Torque
Change) without channel cross-talk. Specifically, each
channel 91(6171) (where k € {P,7,7}) is processed by a
separate 1D temporal convolution block Q,il), followed by
a sigmoid activation ¢ to produce normalized gate weights:

i = o@D, forke Pty a3

The resulting single-channel gates are concatenated to form
the updated gate Gfgn = Concat(gg), g, gg)) € R3*T,
which is propagated to stage [ + 1.

)

Second, the temporal features H:(Fl are dynamically

modulated by the new gate Gfgn. Each of the three re-
fined gate signals g,(gl) individually modulates the feature

map H (Tl ) via broadcasted Hadamard product (®):
HY =HP ©¢P, forke{P,r,+}. (14

These three modulated features are concatenated along the
channel dimension and fused via a 1x1 convolution (F ).
A residual connection with the original H:(Fl) is added for
stable training and information preservation:

HY = Fryoe(Concat(HY, HO HOY) + HY . (15)

T+
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The gated feature HO s passed to the next stage, form-
ing a hierarchical mechanism that adaptively modulates the
feature flow at each temporal scale via dynamic cues, pro-
gressively highlighting boundary-sensitive features.

3.5. Overall Training Objective

The LaDy is trained end-to-end by minimizing a composite
loss function L4141, defined as:

‘Ctotal = ‘Cas + )\1£b7' + A2£atc + )\3£EC7 (16)

where L, is a standard action segmentation loss [23, 31]
applied to all stage outputs Y. Ly, is a binary cross-entropy
loss [23] supervising Y;. L,:. denotes the action-text con-
trastive loss [24, 26]. Finally, Lgc is our ECLoss. The
values of \1, Ao, and A3 are set to 1.0, 0.8, and 0.1.

4. Experiment
4.1. Setup

Datasets. We evaluate LaDy on six public benchmarks.
PKU-MMD v2 [33] is a 52-class daily activity dataset;
we report on its cross-subject (X-sub) and cross-view (X-
view) splits. MCFS-22 & MCFS-130 [37] are figure skat-
ing datasets with 22 and 130 action classes. LARa [40] is a
warehouse activity dataset with 8 classes. TCG-15 [50] is a
traffic control gesture dataset with 15 classes.

Evaluation Metrics. Following standard TAS proto-
cols [12], we use frame-wise accuracy (Acc), segmental edit
distance (Edit), and segmental F1 scores at [oU thresholds
of 10%, 25%, and 50% (F1@{10, 25, 50}).
Implementation Details. The feature dimension is C' =
64. The linear layers for Lagrangian term estimation use
128 channels. We optimize models using Adam with a
learning rate of 1073, Consistent with prior works [31],
batch sizes are 8 for PKU-MMD v2/LARa, 2 for TCG-15,
and 1 for MCFS-22/130. We train for 300 epochs, except
for LARa (60 epochs) due to faster convergence. All exper-
iments are conducted on a single NVIDIA RTX 3090 GPU.

4.2. Comparisons with the State-of-the-Arts

Quantitative Comparison. We compare LaDy with recent
STAS methods on six public datasets, with detailed results
in Tab. | and Tab. 2. LaDy consistently achieves state-of-
the-art performance across nearly all metrics. Its superiority
is particularly evident on PKU-MMD v2, where it surpasses
the prior best-performing method by significant margins:
+5.2% in F1@50, +4.2% in Edit, and +2.9% in Acc on
the X-view setting; and +2.7% in F1@50, +1.7% in Edit,
and +1.5% in Acc on the X-sub setting. LaDy achieves
these substantial gains while remaining computationally ef-
ficient (13.67G FLOPs, 1.83M params). This blend of high
accuracy and efficiency validates our physics-informed La-
grangian dynamics approach for spatio-temporal modula-
tion in action segmentation.

Qualitative Analysis. As illustrated in Fig. 4, LaDy’s
segmentation results are visibly more accurate, showing
fewer classification errors and smaller boundary deviations
than its counterparts. Furthermore, LaDy’s boundary confi-
dence scores (curves) are significantly more stable and less
volatile. While other methods exhibit noisy fluctuations and
spurious peaks within action segments, LaDy effectively
suppresses this internal noise. Consequently, LaDy pro-
duces sharper and more distinct confidence peaks that align
precisely with the true action boundaries. This underscores
our model’s effectiveness in enhancing class discrimination
and precise temporal localization.

Feature Space Analysis. To further assess the learned rep-
resentations, we visualize the feature space on PKU-MMD
v2 using t-SNE (Fig. 5). Visually, LaDy’s representations
exhibit significantly more compact intra-class aggregation
and clearer inter-class separation than previous methods, in-
dicating a more structured semantic distribution. This ob-
servation is confirmed by quantitative clustering metrics in
Fig. 5: Silhouette Coefficient (SC 1), Calinski-Harabasz
Index (CH 1), and Davies-Bouldin Index (DB |), where
LaDy achieves the best scores across all three metrics. This
demonstrates that LaDy learns a more discriminative fea-
ture space, enhancing inter-class separability.

4.3. Ablation Studies and Analysis

We validate LaDy’s components—Lagrangian Dynam-
ics Synthesis (LDS), Spatio-Temporal Modulation (STM),
and Energy Consistency Loss (ECLoss)—via ablations on
PKU-MMD v2 (X-sub), summarized in Tab. 3. The
strong Baseline is built upon DeST, equipped with CTR-
GCN’s adaptive GCN [9, 26] and LaSA’s L, [24] (Fig. 2,
upper). First, integrating the LDS module with either
Spatial Modulation (+LDS+SM) or Temporal Modulation
(+LDS+TM) markedly outperforms the dynamics-agnostic
Baseline. This confirms our hypothesis that the dynamics
prior is highly effective, directly enhancing spatial feature
discriminability and temporal boundary perception. Next,
combining both modulations (+LDS+STM) achieves a sub-
stantial, synergistic performance jump to 75.9% Acc and
66.3% F1@50. This demonstrates that spatial and tem-
poral modulation are complementary, effectively address-
ing the distinct challenges of inter-class ambiguity (via
SM) and precise boundary localization (via TM). Finally,
we applied the ECLoss to enforce physical plausibility.
This physics-based regularization provides a final, consis-
tent performance boost. This is evident as our full model
(+LDS+STM+ECLoss) improves upon the version with-
out the loss (+LDS+STM) across all metrics, achieving the
peak performance of 76.2% Acc and 67.0% F1@50. This
validates that enforcing the work-energy theorem refines the
dynamic representations for more precise segmentation.
Analysis of Synthesized Dynamics. To intuitively vali-

34454



Table 1. Comparison with the latest results on PKU-MMD v2 (X-view and X-sub), and LARa. Bold and underline indicate the best and
second-best results in each column. FLOPs denote the computational complexity when the input is X € R!2*6000x19 o [ ARa dataset.

Dataset | | PKU-MMD v2 (X-view) | PKU-MMD v2 (X-sub) | LARa
Metric | FLOPs| Param.| | Acct Editt F1@{102550}1 | Acct Editt F1@{10.25.50}1 | Acct Editt F1@{10,25.50}1
MS-TCN [12] 3.13G 0.52M | 582 56.6 58.6 53.6 394 | 655 - - - 463 | 658 - - - 396
ASFormer [57] 6.20G 1.0IM | 648 626 651 600 458 | 683 68.1 719 682 545|722 622 66.1 619 49.2
ASRF [23] 7.00G 1.18M | 604 593 625 580 46.1 | 67.7 67.1 721 683 568 | 71.9 63.0 683 653 532
MS-GCN [14] 30.97G  0.63M | 653 58.1 613 56.7 44.1 | 68.5 - - - 516 65.6 - - - 436
MTST-GCN [4] 108.87G 2.58M | 66.5 640 67.1 624 499 | 700 658 685 639 50.1| 737 586 638 594 47.6
DeST-TCN [31] 5.72G 0.77M | 624 582 632 592 47.6| 67.6 663 717 68.0 555| 726 63.7 69.7 66.7 558
DeST-Former [31] | 7.71G 1.LIOM | 67.3 647 693 656 520| 703 693 745 71.0 587 | 751 642 703 68.0 57.7
MSTAS [8] 3460G 1.02M | 71.8 63.0 680 634 528 | 676 670 72.1 69.0 57.1| 748 60.8 662 622 504
SCSAS [7] 32706 1.80M | 679 640 704 668 555| 703 682 722 682 562 | 742 61.7 673 652 535
ME-ST [25] 97.07G  3.16M | 74.1 705 76.6 732 624 | 685 672 723 688 58.1| 742 650 710 682 57.1
LaSA [24] 1044G 1.58M | 695 67.8 729 692 570 | 735 734 783 748 63.6| 753 657 71.6 69.0 579
LPL [6] 20.30G  3.22M | 70.0 67.7 733 700 585 | 747 727 786 758 643 | 761 652 723 70.0 58.6
LaDy | 13.67G 1.83M | 77.0 747 80.5 773 67.6| 762 751 801 773 67.0| 756 659 729 704 59.7
Table 2. Comparison with the latest results on MCFS-22, MCFS-130, and TCG-15 datasets.

Dataset \ MCFS-22 \ MCFS-130 \ TCG-15

Metric | Acet Editf F1@{10,25,50}1 | Acct Editt F1@{10,25,50}1 | Acct Editt Fl@{10, 25, 50}4

MS-TCN [12] 756 742 743 69.7 595 | 6577 545 564 522 425 | 85 67.7 700 673 59.1

ASFormer [57] 787 823 828 779 669 | 675 69.1 683 640 551 | 823 69.1 713 677 57.6

ASREF [23] 755 773 833 80.1 692 | 656 656 667 623 519 | 839 653 715 699 624

MS-GCN [14] 755 72,6 757 705 579 | 649 52.6 524 488 39.1 | 8.6 68.7 709 69.7 59.4

IDT-GCN [32] 799 845 880 849 749 | 68.6 702 70.7 673 58.6 - - - - -

DeST-TCN [31] 787 823 866 835 732 | 705 738 740 707 61.8 | 87.1 737 787 769 69.6

DeST-Former [31] | 80.4 852 874 845 750 | 714 758 758 722 630 | 8.1 757 800 782 712

MSTAS [8] - - - - - - - - - - 883 695 735 704 639

SCSAS [7] - - - - - 674 669 658 622 531 | 874 696 728 71.6 67.0

ME-ST [25] - - - - - - - - - - 88.7 773 81.8 78.6 724

LaSA [24] 80.8 86.7 893 862 763 | 726 793 793 758 66.6 | 88.7 774 812 795 733

LPL [6] - - - - - - - - - - 88.8 774 819 80.0 73.8

LaDy | 81.5 89.8 908 867 767 | 72.8 79.7 80.0 768 669 | 89.3 779 821 80.1 743

Table 3. Ablation study of Lagrangian Dynamics Synthesis
(LDS), Spatio-Temporal Modulation (STM), and Energy Consis-
tency Loss (ECLoss) on PKU-MMD v2 (X-sub) dataset.

Components | Acc Edit F1@{10,25,50}
Baseline ‘ 73.6 73.0 782 746 643
+LDS+SM 748 740 789 76.0 65.7
+LDS+TM 749 735 78.1 752 658
+LDS+STM 759 746 79.6 769 663
+LDS+SM+ECLoss 747 743 79.1 763 66.0
+LDS+TM+ECLoss 754 745 79.6 76.7 66.5
+LDS+STM+ECLoss (LaDy) ‘ 76.2 751 80.1 773 67.0

date our model’s adherence to physical principles, we visu-
alize the synthesized generalized forces, as shown in Fig. 6.
We compute the norm of the 3-axis force for each joint
and render it as the thickness of the corresponding skele-
tal limb. The visualization clearly shows that LaDy learns
highly discriminative and physically plausible dynamic pro-
files. For instance, (1) Salute shows high force concentra-
tion in the saluting arm; (2) Throw activates the entire upper
body and arms; (3) Hopping correctly identifies the legs as

the primary force source; and (4) Clapping focuses on the
hands and forearms. This interpretable result strongly vali-
dates that our physics-constrained LDS module, guided by
the ECLoss, successfully synthesizes meaningful and phys-
ically coherent dynamics, rather than arbitrary features.

Analysis of Temporal Gating Signals. To further val-
idate the efficacy of our Temporal Modulation, we visual-
ize the learned gating signals. We average the L-stage gat-
ing signals and plot them against the ground-truth action
segments in Fig. 7. The visualization reveals a key find-
ing: all three signals exhibit sharp, distinct troughs (valleys)
that precisely coincide with the ground-truth action bound-
aries (marked by gray dashed lines). This alignment is par-
ticularly pronounced in the “Torque Change” signal. This
phenomenon is highly intuitive: action transitions are fun-
damentally defined by abrupt shifts in the body’s dynamic
force profile, and LaDy successfully learns to identify these
physical, dynamic events as explicit cues for semantic ac-
tion boundaries. This mechanism provides the temporal
network with superior boundary awareness, explaining the
strong performance of Temporal Modulation.
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Figure 4. Qualitative results on PKU-MMD v2 and MCFS-130.

(b) MCFS-130

The top row is the Ground Truth, followed by the segmentation results

(bars) and boundary confidence scores (curves) for LaDy, LaSA, and DeST. Different colors denote distinct action classes. Red boxes and

gray dashed vertical lines highlight misclassifications and larger b

oundary deviations observed in other methods compared to LaDy.
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Figure 5. Visualization of the representation space on PKU-MMD
v2. Each point represents an action segment feature, colored ac-
cording to its ground-truth class. Quantitative clustering metrics
are reported in the top-right corner: Silhouette Coefficient (SC 1),
Calinski-Harabasz Index (CH 1), and Davies-Bouldin Index (DB
1). Higher (1) is better for SC/CH; lower ({) is better for DB.

5. Conclusion

In this paper, we addressed the dynamics-agnostic nature
of existing Skeleton-based Temporal Action Segmentation
(STAS) methods by proposing the Lagrangian-Dynamic In-
formed Network (LaDy). Our Lagrangian Dynamics Syn-
thesis (LDS) module synthesizes generalized forces, which
are made physically coherent by a novel Energy Consis-
tency Loss (ECLoss) that enforces the work-energy theo-
rem. The synthesized dynamic features are then leveraged
via Spatio-Temporal Modulation (STM) to enhance action
discriminability through direct spatial fusion and promote
precise boundary localization via hierarchical temporal gat-
ing. [Extensive experiments on six benchmarks demon-
strated that LaDy achieves state-of-the-art performance.
Ablation studies and visualizations further confirmed the ef-
ficacy and physical interpretability of our approach, demon-

Figure 6. Visualization of synthesized generalized force magni-
tudes for four actions. Limb thickness is proportional to the norm
of the estimated torque. Red circles highlight the primary ac-
tive limbs, illustrating that the learned dynamics are both class-
discriminative and physically plausible.
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Figure 7. Visualization of layer-averaged dynamic gating signals.
The time-series plots for Instantaneous Power, Torque Norm, and
Torque Change show signals averaged across all L temporal lay-
ers. Note the distinct, sharp troughs (highlighted by ovals) that
precisely align with the ground-truth action boundaries (dashed
lines), validating their role in boundary localization.

strating that integrating physical dynamics provides a more
discriminative and precise foundation for segmentation.
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