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Spline Policy: A Structured Representation for Robot Policies

Mengze Tiah?, Yiming Li%%, Sichao Lid, Auke ljspeert, Sylvain Calinog

Abstract Modern imitation-learning policies for robot manip- tured motion representations [13] [21]. Compared with xed-
ulation often represent actions as xed-resolution action chunks, resplution action chunks, movement primitives provide com-
which are simple and effective but expose limited geometric . harameterizations, support smooth, temporally consistent

and temporal structure before execution. This paper studies traiect fi d off tural tibility with
Spline Policy (SP), a structured representation that replaces rajectory generation, and otrer natural compatibility with con-

action chunks with spline parameters while keeping the policy trol, optimization, and trajectory editing. Modern policy learn-
backbone unchanged. The predicted spline can be decoded asng and movement primitives therefore provide complementary

a compact continuous trajectory, queried at different temporal ~ strengths: the former offers scalable perception-conditioned
resolutions, constrained or edited in parameter space, and passedand multimodal behavior modeling, while the latter exposes

to downstream controllers. For quadratic spline outputs, the same tric. t | d trol-rel t fi truct
representation can also be converted into a state-dependent vector J€OMELC, temporal, and control-relevant motion structure.

eld through an analytical distance-eld construction. Under ~ This motivates studying the policy-output interface as a point
the regularity and projection assumptions of this construction, of connection between these two perspectives.

the induced dynamics do not increase the distance to the |n this paper, we study splines as a structured output
generated spline, yielding a principled local corrective mecha- jhiarface for modern robot policies and refer to the result-
nism around the predicted motion. The spline output further . . . . .

supports uncertainty propagation from observations to spline Ing fgrmulanon z:;ts Spline Policy (SP). Splines are.a natural
parameterS, traje(:tories7 and ow e|dsy and can be combined Cand|date fOI’ thIS I’Ole because they enCOde continuous tra-
with classical control mechanisms such as null-space collision jectories using a small set of geometric parameters, such as
avoidance without retraining the policy backbone. We instantiate control points, while remaining simple and model-agnostic.
SP with diffusion, ow-matching, transformer-based, and vision-  tpejr |ocal support facilitates local trajectory editing, and

language-action backbones. Experiments in low-dimensional mo- tinuity. b d diti derivati traint d
tion learning, simulated manipulation under matched backbones, continuryy, boundary conditons, derivativeé constraints, an

dexterous manipulation, and real-robot case studies show that SP temporal resampling can often be handled directly in param-
remains compatible with modern policy learners while exposing eter space [17], [22]. These properties are well established

useful motion-structure properties, including compact decoding, in classical trajectory representation. Our focus is to examine

temporal resampling, local correction around predicted motions, oy they can be used as a structured representation alongside
uncertainty evaluation, and controller compatibility. . . . - .
o . o xed-resolution action chunks in modern robot policy learning.

) Index Terms Imitation Learning, Movement Primitive, Flow Given an observation, the po“cy backbone predicts Sp“ne

Field parameters rather than directly outputting a discrete action
sequence. The predicted spline can then be decoded as a

I. INTRODUCTION continuous trajectory, queried at different control frequen-

Imitation learning has become a central paradigm for rob®€s. constrained or edited in parameter space, and passed
manipulation, enabling policies to be acquired directly frofp downstream controllers. In this sense, SP provides a
demonstrations rather than being engineered task by tadghtweight bridge between expressive neural policy learning
Recent data-driven policy models have made imitation |eamiﬁ§d structured motion representations: the backbone remains
effective in settings involving multimodal behaviors and high€sponsible for perception, multimodality, and task-level pre-
dimensional observations, including Action Chunking Trangliction, while the spline output exposes a compact continuous
former (ACT), Diffusion Policy (DP), Flow Matching Policy motion object before execution. This object is compatible
(FMP), Vision-Language-Action (VLA) models, and Vision-With temporal resampling, local ow construction, uncertainty
Action (VA) models [1] [12]. Many of these approaches repYisualization, and controller integration.
resent policies through action chunks: xed-horizon sequencesBeyond direct trajectory decoding, SP can also be real-
of actions predicted by high-capacity neural models. Thiged as a ow- eld policy by constructing a state-dependent
interface is simple, but the predicted object is usually a xedlynamical system from the predicted spline. This builds on
resolution sequence of discrete points. As a result, geomefig&ent work showing that quadratic splines admit an analytical
and temporal structures that are useful for execution, suchdigtance- eld construction, which can be used to de ne a dy-
continuity, derivative information, boundary conditions, anfamical system with convergence properties under appropriate
temporal resampling, are not explicitly exposed before contréggularity and projection assumptions [23]. In this realization,

In parallel, the learning-from-demonstration literature hd§e neural policy does not learn an unconstrained vector eld

long emphasized the value of movement primitives as strgé€ctly. Instead, it predicts the geometric support of the
motion through the same imitation learning method, while the
LEcole Polytechnique dterale de Lausanne (EPFL), Lausanne, Switzespline-to- eld transformation supplies the closed-loop vector
'agd-. . . . eld structure. During execution, the robot follows the velocity
Idiap Research Institute, Martigny, Switzerland. . . . .
YThese authors contributed equally to this work. induced at its current state rather than simply replaying a
Corresponding author: Yiming Li (yiming.li@ep .ch). time-indexed trajectory. This provides a structured mechanism
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Fig. 1. Overview of SP as a structured output interface. Top-left: An observation is processed by an existing policy backbone, while the output representation
is replaced by spline parameters. Top-right: Directly predicting spline parameters via end-to-end training. Bottom: The same spline output supports
complementary uses. As a trajectory representation, it provides compact, smooth temporal decoding; as a ow- eld realization, it can be transformed into a
local state-dependent correction mechanism via a spline-to- eld construction.

for correcting deviations caused by physical perturbations, tation for modern imitation learning policies, enabling
tracking errors, or other execution-time disturbances around xed-resolution action chunks to be represented by com-
the generated motion. pact spline parameters with smooth, temporally exible
The corrective property of this ow-eld realization is trajectory decoding.
local to the predicted spline. Under the stated regularity and We introduce a ow- eld realization of Spline Policy,
projection assumptions, the induced dynamics do not increase where the predicted spline induces a state-dependent
the distance to the generated spline, and the terminal point vector eld for closed-loop execution, local perturbation
becomes an equilibrium when a zero terminal tangent is recovery, uncertainty propagation, and control integration.
imposed. Thus, the ow- eld realization provides a closed- We instantiate and evaluate SP across multiple pol-
loop execution mechanism around the predicted spline, while icy backbones, input modalities, and robot manipulation
task success still depends on the quality of the spline predicted settings, including simulated manipulation benchmarks,
by the learned policy. The same spline output also supports dexterous manipulation tasks, and real-world robotic ex-
uncertainty propagation from observations to spline parameters periments.
and ow elds, and can be integrated with classical controllers
such as null-space collision avoidance without retraining the Il. RELATED WORK
policy backbone. . _ . 'A. Movement primitives
Several mbdern backbones, indluding ACT. D FMIP, and Vg, Movement primives (MPS) [17) provide compact and
models. In each case. the ,policy backbon,e s ,prese,rve d W@Er_ameter-ef C|er_1t represgntanons of robot_lc_ 'Frajec_tones, en-
the outbut representa&ion prediction target, and corresp;)nd nqmg smooth.mt.erpolauon and cqmpat|b|l|ty with .clas—
loss are changed from ac’tion chunks to spiine parameters ! c_ontrol pipelines. Rep_resentatwe approaches include
. . ) . " Dyhamical Movement Primitives (DMPs) [14], [22], Task-
use simulated manipulation benchmarks as the primary ev:

tion of SP tructured laver under matched backb rrameterized Gaussian Mixture models [24], and Proba-
ation of S as a structured fayer under matched backbonGig. . \ovement Primitives (ProMPs) [16], which encode
The low-dimensional and real-world studies then illustrat

mechanism- and deplovment.level affordances of the Sa(‘i:‘emonstrations into reusable trajectory modules. Recent stud-
. ploy i . RS within learning frameworks [18] [20] extend this paradigm
spllng output, r_ather than serving as separate claims of poh%x/- replacing discrete trajectory representations with MPs
learning superiority. ) o _ leveraging their structured formulation for policy learning.
In summary, the main contributions are: In contrast to prior works that incorporate movement prim-
We exploit concatenated splines as a structured represéiives within speci ¢ model classes or use them mainly as



auxiliary trajectory encodings, we focus on their role as #l. SPLINE POLICY AS A STRUCTURED REPRESENTATION
policy-output interface. SP is designed to be inserted in

modern policy-learning pipelines without changing the back-
bone architecture, allowing expressive perception-conditioned-et 0 denote an observation, which may include robot states,

models to output a structured motion representation. visual inputs, point clouds, or language instructions. In many
modern robot policies, the output is parameterized as an action

B. Dynamical systems chunk, where a model predicts a nite sequence of actions
Dynamical system representations describe robot motion

through differential equations, often in the form of a vector arn = (0); (1)
eld over the state or con guration space [25] [34]. In learn- . e
ing from demonstration, many approaches use autonomgﬁrsdaI xed honz;n’;l_N. Thg Imoiiel fmay be I? d|ffu5|§>/r|1_A
vector elds, where the current state determines the moti 00€l, a ow-maiching model, a transformer policy, ora

direction without requiring an explicit time index. Such for- ackbone.

mulations can reduce dependence on time synchronizationl,nStead of changing the policy backbone, SP changes the

support reactive responses to perturbations, and provide Cg?ﬂresentanon of the predlcted_ action object. Given an obs_er-
tinuous encodings of motion. Examples include SEDS [2 ation o, the same model predicts a set of concatenated spline

CLF-DM [27], Imitation Flow [29], and Neural Contractive arameters
Dynamical Systems (NCDS) [31], which ensure stability or w (0)= (o) 2

adaptability by learning or imposing constraints on the Systefie corresponding continuous trajectory is obtained by eval-

. Problem Formulation

dynamics. ; . i
ating the concatenated spline basis
These approaches most often rely on explicit dynamicald- g P
system formulations that are not directly aligned with modern fw @®=Ow (o) (3)

policy-learning pipelines, which commonly learn observation-

conditioned action trajectories. Connecting such formulatioMd'ere (t) denotes the spline basis and, f(,) (t) is the

to high-dimensional observations, multimodal behaviors, §gcoded trajectory at time t [17]. Under this formulation,
action-chunk policy backbones often requires additional moHie policy outputs spline parameters rather than a xed-
eling or integration choices. Recent work [23], [35] showtesolution sequence of discrete actions. The decoded trajectory
that spline geometry can be used to construct distance elgscontinuous and differentiable, with a number of predicted
analytically, whose gradients can be exploited to construriables smaller than the typical number of actions considered
dynamical systems. Motivated by this connection, we ude dense action chunks. This provides a compact representation
expressive policy learning to predict spline geometry, fromyhile keeping the policy-learning problem compatible with
which a ow eld can be obtained through a spline-to- eld €xisting backbones, as illustrated in Fig. 1.

transformation. This separates the learning problem from theln practice, the trajectory can be represented by K spline
structure-inducing transformation: the neural policy predicEgments, each de ned over a normalized local time interval
the geometric support of the motion, while the vector- el@nd parameterized by a small number of control variables.
structure is supplied by the spline-to- eld construction.  Continuity constraints of order € C*, or C* can be imposed
across neighboring segments depending on the desired level of
smoothness. The trajectory-decoding view is not tied to a spe-
) L ) ci ¢ spline family: different spline bases or orders can be used
In manipulation, imitation learning (IL) [15], [17], [36], [37] depending on the task, controller, and desired smoothness.

has played a central role due to its ability to learn policies d1ih our implementation, we mainly use piecewise quadratic
rectly from expert demonstrations, bypassing the need for ta%7

4 ; : . lines, which provide additional analytic properties, while the
Speci ¢ engineering. Many approaches in IL rely on movemeny,, q|q realization is introduced separately in Sec. IV.
primitives [14], [14], [16] and dynamical systems [25] [27],
demonstrating their effectiveness in capturing geometric and
dynamical motion properties. More recent policy learning. Structured Decoding and Operations
frameworks now include ACT, DP, FMP, VLA, and other VA once the policy predicts spline parameters, the resulting

models [1] [12]. These approaches leverage powerful fungpiect exposes several standard operations that are dif cult to
tion approximators to model complex, high-dimensional, angtcess directly from an unconstrained xed-resolution action
multimodal behavior distributions directly from demonstratiop,nk. We treat these operations as interface affordances rather

data, thereby improving the expressiveness and scalabilityiRf as separately validated algorithms. We describe three such

imitation learning. _ _ operations: temporally exible decoding, constraint handling,
SP is complementary to these policy-learning backboneg,q uncertainty propagation.

Rather than introducing a new imitation learning architecture, 15 make these operations concrete, we use the piecewise

the proposed approach is to modify on-the-y the representgyagratic Bernstein representation adopted in our implemen-
tion of the predicted action object. This allows modern polistion. For segment i, with local phase 2 [0; 1], the decoded
cies to retain their modeling capacity while exposing mOtiOfFajectory is

structure that is useful for decoding, replanning, uncertainty
propagation, and control. fi()=@1) 2wl+21 )w

C. Imitation learning

2+ 2wd 2001 (4)



where wH;w?2;w? are the control points of the segmentwhere the dot denotes differentiation with respect to . Thus,
The same discussion applies to other spline bases with thexivative bounds can be imposed through constraints on the
corresponding basis functions and control variables. corresponding control-point differences.
Trajectory decoding: Splines make the predicted action
object compact and continuously decodable, as illustrated i .
Fig. 1. A single policy prediction de nes a continuous curve
that can be evaluated at different temporal resolutions durini ~ ==
execution, without retraining the policy or changing the output |
dimension. This decouples the learned prediction from the c° > ct
controller query rate and allows the same spline parameters | '
be used for coarse planning, high-rate control, or visualization
Since the spline is differentiable, velocity and acceleration cai
also be obtained analytically when required by downstream _ o , ,
controllers. When continuity consiraints are imposed betweff:2; Bcundar consant. Lef o contnuly consiants vidder Enfore
segments, the structure can easily impose a desired leveR@ht: Enforcing C! continuity additionally ensures velocity consistency,
continuity (C% C*;:::) when action chunks are repeatedlyesulting in smoother transitions.
replanned. Uncertainty propagation: In manipulation tasks, obser-
Constraint handling: Because SP exposes the predicte¥tion noise or perception ambiguity can lead to different
motion through Sp”ne parametersl common geometric aH@USible motion predictions. Because SP I'epl'esents the pre-
temporal constraints can be handled at the level of cont@fted motion through a compact set of spline parameters,
variables. In this work, we mainly use boundary and continuit{iS uncertainty can be represented at the parameter level and
constraints, while the same representation also provides a ¢ propagated analytically to the decoded trajectory. This
venient interface for derivative bounds and convex workspaBEovides a computationally light (just linear transformations
or joint-space constraints. with matrix multiplications) to evaluate how uncertainty in
For the quadratic segment in Eq. 4, boundary constraiff input affects the predicted motion, without changing the
can be imposed by xing endpoint control points, such akolicy backbone or the spline decoder, as illustrated in Fig. 3.
W1 = Xsat OF W2 = X goar. CoNtinuity constraints between
neighboring segments become linear equality constraints on
boundary control points. For example? @ontinuity requires  Obs. Trajectory Distribution

Trajectory Params
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4
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while C! continuity, for segment durations it and t i1 , Model
can be written as

3 2 2 1
Wi W - Wisg. W 51 | (6) Uncertainty

t t i+ ’ Propagation

The zero-terminal-tangent condition used in the ow- eld
realization is another boundary constraint and can be imposggl 3. uncertainty propagation. Left: Noisy observations. Middle: The

by setting model infers spline parameters. Right: The input uncertainty is propagated,
2 _ 3. yielding a distribution over trajectories. The black curve indicates the mean
Wi =Wk (7) trajectory, and the surrounding clusters illustrate the distribution of trajectories.

The spline parameterization also gives a simple way 10 oo ;me that the observation o follows an underlying dis-

express sufcient conditions for inequality. constraints. Fofy, i that captures sensing noise or perception uncertainty.

Bernstein and B-spline representations, the basis functions [Gce the spline parameters are obtained through the mapping

nonnegative and form a partition of unity, so each segment Ii\e;,s(o)' they inherit the uncertainty in 0. We compute the

in the convex hull-of its control points. 'Conseq'ue'ntly, if th(?esulting distribution over spline parameters as a Gaussian
control points of a segment are constrained to lie in a convex

set G, then the entire segment remains inside that set: w (0) N( w; w) (20)

W{ 2C; j=1,223 ) f ()2C;; 8 2[0;1]: (8) Where an_d w Qenote _the mean and covar.iance of the
parameter distribution. This Gaussian model is used as a
This property provides a sufcient condition for box con4ractable approximation; when the underlying behavior dis-
straints, joint limits, or convex safe corridors. Derivativéribution is strongly multimodal, mixture or sampling-based
constraints can similarly be expressed through control-poiapresentations can be used instead.
differences. For the quadratic segment in Eq. 4, its derivativeFor a given time t, the trajectory distribution is obtained by
with respect to the local phase is simply propagating this uncertainty through the spline basis

f.()=21 )Yw ZwhH+2w?d w?d); (9 fw® N O w ® w® > : (12)



Equivalently, for a set of queried time instants, the sanspline output. In this work, we instantiate this principle with
propagation can be applied using the corresponding stackmmhcatenated quadratic splines (piecewise continuous curves),
spline basis matrices. The resulting trajectory distributidior which the projection map and distance- eld gradient admit
provides a diagnostic signal for the predicted motion bgn analytical construction [23]. For higher-order splines or
highlighting time intervals or spatial regions where the policgther spline families, this construction remains applicable, but
output is sensitive to observation uncertainty. This can helpe ow- eld realization would require numerical projection
downstream execution behave more conservatively when tireoptimization-based closest-point computation.

predicted motion is uncertain, for example, by slowing down,

replanning, or collecting additional observations. A. From Spline to Flow Field

Let f denote the spline predicted by SP, and let Be the
C. Policy Integration closest-point projection from a query state x 2 X to the spline.
SP is integrated into modern policy-learning pipelines byhe projection returns the corresponding phase and projected
training the policy to output spline parameters end to end. Theint:
erception encoder and policy backbone are kept unchanged,
\F/)vhile Ft)he output head, pFr)edigtion target, and de?coding Ia;g/er t )X proj =P (x); Xpoj =F (€ (X)) (14)
are adapted to the spline representation. Thus, the main mpgregular points where the projection is unique and differen-

i cation is localized to the policy-output interface rather thaniable, it induces the distance @) = kx x proj K and the
to the architecture used for perception or sequence modeliRgrmal direction

For supervised policy backbones, training can be performed X X proj
by aligning the decoded spline trajectory with the demon- n (x) = mi (15)
strated trajectoryf(t) over sampled time instants fgl,; : proJ

For quadratic splines, these quantities can be computed ana-
1 X 2 lytically, as detailed in App. VII-A. For other spline families,
Ls= N fw @ () Ta(ti) (12) they can be obtained numerically by solving a one-dimensional
= closest-point problem along the spline.
Gradients can be back-propagated through the spline represerrhe ow eld is constructed by combining attraction toward

tation to the policy parameters: the spline and progression along the spline
@k _ @k @i @w(), (13) F )OSV at () +V prog (X); (16)
@ @f o @w() @ "
Wi
This allows trajectory-level losses or differentiable constraint Var X)= (X)n  (X);
penalties to be composed with the policy-learning objective Vprog (0= (9 £ (X): 17

when desired.
SP is thus model-agnostic: it can be attached to différiere, () 0 and () O control the relative strength
ent policy backbones by preserving the original architectugé attraction and tangential progression. The weight function
and replacing the action chunk output head and target wit¥) is set so that it reaches zero when () = 0 (typically,
spline-parameter predictions. This applies to diffusion, owto emulate a spring behavior whose strength is proportional to
matching, transformer, VLA-style policies, and other actiothe distance to the curve). The weight function (x) is set so
prediction models. The training objective is otherwise urihat it reaches zero when(k) = T (stopping the motion at
changed, and the decoded spline is used for execution.th® end of the curve).
trained policy can also be converted post hoc by tting a spline With (16), states away from the spline are driven back
to its predicted action sequence. This yields a continuot@vard the predicted geometric path, while states near the
trajectory, but only reparameterizes the output after predictig#iirve mainly follow the tangential direction. The generated
end-to-end spline prediction instead exposes the structugglicy, therefore, predicts the curve geometry rather than an
output space during training and optimizes through the splin@constrained vector eld through a distance function.
decoder.

B. Local Correction and Perturbation Recovery

A key motivation for the ow eld realization is to provide
Beyond direct trajectory decoding, the spline predicted tstate-dependent correction around the predicted motion. When

SP can also be used to construct a spatial ow eld for close@xecution is perturbed away from a nominal time-indexed

loop execution. We denote here the decoded spline in (3) tigjectory, directly replaying the trajectory does not de ne how

f (t) for brevity. Instead of tracking f(t) only as a time- the robot should move from the perturbed state. In contrast, the

parameterized trajectory, we regard it as a geometric objéetuced ow eld assigns a velocity to nearby states and can

embedded in the state space and construct a distance gldde the system back toward the generated curve geometry,

around it. The distance eld and its associated projection mag illustrated in Fig. 4.

are then used to de ne a state-dependent ow eld. This This corrective behavior arises from the attraction

provides a closed-loop execution mode derived from the sam®gression decomposition in (17). At regular points, the

IV. FLOW-FIELD REALIZATION OF SPLINE PoLIcy



attraction term decreases the distance to the spline. For an il flow distribution Flow Field Distribution

rior closest-point projection, the normal direction is orthogon: Lo

to the spline tangent, so the progression term is locally tangt )

and does not increase the distance to the spline. Therefore, 'i‘i\\ ) s

induced dynamics do not increase the distance to the gener 2\ ‘\ =

spline [23]. \ N\ 2
A derivation based on the distance- eld Lyapunov functiol \ \* on =

is provided in App. VII-B. The policy determines which spline el \V 3

is generated from the observation. The ow- eld realizatior S N 02 ©

can improve recovery from state perturbations around tt 2

predicted motion, but it does not by itself guarantee ta: 0.0

success when the predicted spline is inappropriate for the tasl. 5. Flow- eld uncertainty propagation. Left: lllustration of the ow-
vector distribution. Right: Flow eld induced by the trajectory distribution.
The blue streamlines denote the mean ow eld, while the color map shows
the normalized ow-vector variance at each location. Darker regions indicate
higher variance.

Obs. . : o .
sk Model In practice, we can estimate the ow- eld distribution via

Monte Carlo sampling. We draw samplesfogM., from the
observation distribution and compute the corresponding spline
parameters wo™M ) and decoded splineé"f) . Each sampled
spline induces a ow eld using the attraction progression
construction in (17) for the sampled splin@‘)f.

The mean and covariance of the ow eld are then approx-

Disturbance

imated as
Fig. 4. Perturbation recovery from the induced ow. The policy predicts a 1 (m)
spline from the observation, and the spline-to- eld transformation constructs F (X) = — F (X); (19)
the corresponding ow eld. When disturbances move the system away from M m=1
the nominal motion, the perturbed states enter the ow eld and are guided
back toward the spline geometry. 1 W >
- (m) (m) .
F= FF70 e FO () r(x)

C. Uncertainty Propagation in Flow Fields m=1 (20)

The ow- eld realization also supports uncertainty propagathis procedure can be applied to a batch of query states to

tion, extending the trajectory-level formulation in Sec. Ill-Bestimate ow- eld uncertainty across the state space and can
Observation uncertainty rst affects the predicted spline pge ef ciently parallelized.

rameters w(o) and the decoded spline fThe induced ow

eld then varies accordingly because the projection, distance,
normal direction, and tangential progression are all comput@
from the predicted spline. Since this mapping from observa-The ow- eld realization converts the spline output from
tions to ow vectors is generally nonlinear, we estimate tha time-indexed trajectory into a state-dependent vector eld
resulting ow- eld distribution using Monte Carlo sampling. around the generated motion. This makes the learned motion

For any state x, the sampled ow vectors follow a Gaussiamore suitable for closed-loop composition with execution-time
distribution objectives, such as obstacle avoidance or task constraints. We

illustrate this interface with a speci c task-priority formula-

F )N FOO F () (18)  tion, where the SP ow provides the nominal manipulation
with r(x) and ¢ (x) the mean and covariance of the ow behavior and collision avoidance is imposed as a higher-
vectors at state x. priority objective.

This probabilistic formulation provides a spatial view of We consider an operational-space SP ow and map it to
how observation uncertainty affects the induced dynami&®n guration space. Let x = (q) denote the operational-
Under noisy observations, different samples may gener&ace task variables, with Jacobian(d). The corresponding
different splines and, therefore, different ow elds. The meargon guration-space velocity is
ow summarizes the average corrective direction, while the _ .
covariance re ects how consistently this direction is induced 4 =37 @F (@ (21)

across samples. As visualized in Fig. 5, regions with highgp,ore ¥ () is the Moore Penrose pseudo-inverse.
variation indicate that the local ow direction is more sensitive For collision avoidance, we use the robot's signed distance

to observation uncertainty, whereas regions with lower variae-ld sor (x; q) [38]. The high-priority avoidance velocity is
tion correspond to more consistent induced dynamics. TRiS 1eq as

provides an interpretable state-space uncertainty measure that

complements the trajectory-level uncertainty described earlier. Qeol = (5T g spE(XQ) 7 ; (22)

Integration with Robot Control



where (x; q) activates and scales the repulsive motion accord- ¢

) . 3 ] ) Trajectory
ing to the obstacle distance [34]. When avoidance is active, i P
the SP velocity is then projected into the null space of this
avoidance direction with e
Qoproj = | T g spF’ T q soF Q. (23)
The nal command is /
Qaction = dcol + Q;proj - (24) y/ 7

When no obstacle is present, is inactive, and the robot
follows the SP ow. When the robot approaches an obstacle, wt
the SDF term takes priority, while the learned SP motion is
retained only in directions that do not interfere with avoidance
to rst order. This example shows how SP can provide
a control-compatible nominal motion representation without
retraining the policy backbone.

Spline Po_Iicy (F!ow) Collision Avoidance Policy
(%3, %) s .-, ge)
deot Fig. 7. Generation of SP. For visualization, we use diffusion as the base
Gaction model, whose iterative denoising process illustrates the synchronous evolution
]IZ(Q) of spline parameters, trajectories, and the ow eld fromfvio wP°.
%2 p N Policy (Traj.) (ours) predicts spline parameters and executes
6,pr0j . . .

_ . 7 A the decoded trajectory. Spline Policy (Flow) (ours) converts the

*1 6 (%) 8 predicted spline into the corresponding ow eld. To study

Task Space Configuration Space

uncertainty propagation, Spline Policy (Prob. Traj.) (ours)
Fig. 6. Null-space projection. The nal commamg.ion combines a high- estimates a distribution over spline parameters, while Spline
priority collision-avoidance velocitg., with the SP velocity projected into Policy (Prob. Flow) (ours) estimates the induced distribution
the null space of the avoidance direction. . . . .
over ow elds. We rst visualize the learned SP in Fig. 7,
V. RESULTS followed by gquantitative evaluations.

: : : Evaluation metrics: We report three metrics. One-way
We organize the experiments according to the role of : i
: : . . amfer Distance (CD) from the generated trajectory to the
as a structured representation, moving from low-dimensio

a . :
studies to simulated manipulation benchmarks to real-wol;ﬁggagsjfﬁéoré gg?sggivgc:;veff;eg :2? ?(?E()ar?yigé[ﬁf sCt(t)r?e/
studies. _In I.ow—dlmensmnal settl_ngs, we rst study the 0W_deviation of the nal state from the target endpoint. Maximum

eld realization, where per.turbgtmn recovery and uncertalmgpeed (MS) reports the maximum speed along the generated
effects can be directly visualized and quanti ed. We therr?1 tion and is used as a simple proxy for abrupt motions.

evaluate the spline trajectory representation on simulate wurbai - As sh " Fig. 8. Soline Pol
manipulation benchmarks under matched policy backbones. eriurbation recovery. As shown in ™g. ©, Spiine Fol-
(Flow) (ours) guides perturbed states back toward the

Finally, we present real-robot case studies illustrating how t trated iion th h the induced state-d dent
same spline output can be connected to visual replanning, gmonstrated motion through the induced state-dependen
ector eld. Under this execution protocol, the trajectory-

turbance recovery, null-space collision avoidance, externao tput variants do not de ne a corrective direction away from
speci ed motions, and different policy backbones. P Y

the predicted curve unless an additional feedback controller
or replanning mechanism is introduced. Replanning from
A. Flow Field of Spline Policy perturbed states would also require additional policy queries

Experimental setup: We begin with the LASA dataset [25],and depend on whether such states are covered by the training
a standard low-dimensional handwriting-motion benchmarkstribution. We repeat the experiment with 25 perturbations
widely used in learning-from-demonstration studies. We evalfer each of the three demonstration types, Snake, G-Shape, and
ate two aspects of the ow- eld realization. First, we introduceSine, and summarize the average results in Table I. Spline
perturbations to the state to evaluate local correction aRelicy (Flow) (ours) achieves the lowest values across the
endpoint convergence. Second, we inject Gaussian noise irgported metrics in this setting, indicating lower trajectory
the observations to evaluate consistency under observatésror, lower endpoint error, and lower maximum speed under
uncertainty. the tested perturbations.

Methods: We use Diffusion Policy [3] as the baseline Observation uncertainty: We next inject Gaussian noise
in this study. The Baseline model follows the standard DRto the observations. The Baseline, Spline Policy (Traj.), and
formulation and directly maps observations to actions. Spligpline Policy (Flow) directly take noisy observations as input.



Y Obs. = Learned Trajectory Y Disturbance == Trajectory TABLE I
CHAMFER DISTANCE (CD) UNDER OBSERVATION UNCERTAINTY.

Snake GShape Sine
=10 =20 =30 =40
- o 00 etk Method
§ '...* Inconsistency LU * * o [mm] [mm] [mm] [mm]
P (v o
s o % AR 5. Baseline model 8.6 143 180 204
£ ;"@ * . 3 ) Spline Policy (Traj.)(ours) 45 8.7 12.4 15.2
g Lats ®oo® Spline Policy (Flow)(ours) 2.7 6.5 14.6 26.6
Spline Policy (Prob. Traj.)(ours) 0.7 2.1 4.0 6.1
_ Spline Policy (Prob. Flow)(ours) 1.3 2.7 4.7 7.2
% Best results are highlighted in bold blue, and second-best results are shown
§ in light blue. : standard deviation of Gaussian noise applied to
s observations.
z
5 Y Obs. ® Trajectory Learned from Demonstration
-9
[
g_ & Disturbance e Trajectory
Fig. 8. Comparison between Baseline model and Spline Policy (Flow) (ours) N
across three kinds of demonstrations: Snake, G-shape, and Sine. The purpl \d K
observations indicate perturbed states. The gray ellipses highlight that the * L
baseline model breaks spatial consistency under perturbations. °
% °
TABLE | t °
QUANTITATIVE EVALUATION UNDER DISTURBANCES. LI
Baseli del Spline Policy (Flow) (ours)
Vethod CD (mean) CD (min) CE  MS aseline mode , ? Y owy
[m m] [mm] [m m] [m/S] I Pushing Task l l
- 4
Baseline model 26.2 3.7 26.7 13.0 Target t
Spline Policy (Traj.) (ours) 21.0 2.2 28.8 14.3 State
Spline Policy (Flow) (ours) 12.8 0.8 11 0.25 -

Spline Policy (Prob. Traj.) and Spline Policy (Prob. Flow)

instead estimate distributions over spline parameters and ow
elds, respectively, and use the distribution mean to generate 6. Qualitai hing ilustration of Basel del and Soline Poli
the nal output. The results are reported in Table Il. As thgd: ° Uaiaive pushing FUStranon o aseline modet and spine Folicy

’ - - . low) (ours) under perturbed initial states.
noise level increases, the non-probabilistic variants becomerasks: We evaluate six robotic manipulation tasks covering

more slensr:twe tob obt_)l.f,ervatmn_ noise. hln th'sl 'nleCtgg'nof'ﬁree input modalities. The state-based Tool Hang (PH) task re-
protocol, the probabilistic variants achieve lower Chamigy icoq precise multistage motion. The vision tasks Push-T [39]
distances across all tested noise levels, suggesting that M 8 can (PH) [40] evaluate contact-rich manipulation and

Carlo propagati_on through _the spline representation prOVid§(§al-directed placement from RGB images. With 3D point-
a usefu_l a?’erag'”g mepha_nlsm. . ) cloud input, Dexart Laptop [41] assesses articulated-object
Qualitative contact-rich illustration: We further illustrate handling, whereas Adroit Door and Adroit Pen [42] require
the ow- eld realization in a contact-rich pushing task, whergjeyierous manipulation skills. These tasks are implemented
the robot pushes a block toward a target position using; puJoCo [43], Sapien [44], and Pymunk [45], covering

limited number of demonstrations [39]. At each trial, the initi%ultiple simulator environments.
position of each demonstration is used as the input state. A%erception encoder: For state input, we directly feed the

shown in Fig. 9, this example illustrates how the induced owg,,_dimensional state vector into the network. For vision
can guide recovery from initial-state variations in the testqqput, we use ResNet-18 [46] to extract image features from
setup. RGB observations. For 3D point-cloud input, we use the
lightweight MLP encoder from [47].

Methods: We use DP [3] and FMP [6] as action-chunk
baseline models, denoted as BL-Diff and BL-Flow. Using the

We evaluate SP as a trajectory-output representation. @me backbones, we implement Spline Policy (Traj.) (ours)
goal of this benchmark is to test whether replacing a xedwith diffusion and ow-matching objectives, denoted as SP-
resolution action chunk with a compact spline output keeiff (ours) and SP-Flow (ours). The action-chunk representa-
task performance in a comparable range under matched polion R'¢¢9 = is replaced by a spline-parameter representation
backbones, while reducing policy-output dimensionality ari@d®® =, where d is the action dimension, 16 is the action
network-level forward FLOPs. We evaluate this representatiiorizon, and 8 is the number of spline parameters per action
across state, vision, and point-cloud inputs, including higllimension used by the decoder. For each matched-backbone
dimensional and dexterous manipulation tasks. comparison, the corresponding methods use the same percep-

Baseline model Spline Policy (Flow) (ours)

B. Representation of Spline Policy



tion encoder and training settings. TABLE Il

Evaluation metrics: We evaluate the four methods on BEHAVIOR CLONING BENCHMARK.
each task [T using the task score and relative Floating Point PO SP-Flow
Operations (FLOPs). For each method, the score is reported &gsk Metric BL-Diff  BL-Flow (ours) (ours)
the maximum and the average over the best ve checkpoints: State
The FLOP numbers measure the policy-network forward pasgool Score | 0.88/0.80 0.84/0.80 0.80/0.76 0.88/0.78
only; spline decoding and execution-mode-speci ¢ costs arélang | FLOPs (%) | 100.00 100.00 50.67 50.67
not included. To measure relative network-level cost, we Vision
normalize the FLOPs of method m by the correspondingc,, Score. 1.0/1.0 1.0/1.0 1010 1.0/1.0
action-chunk baseline (m): FLOPs (%) | 100.00 100.00 87.63 87.63
Push.T Score 0.98/0.97 0.97/0.97 0.95/0.94 0.96/0.95
BL-Diff; m 2 fBL-Diff; SP-Diff (ours)g; FLOPs (%) | 100.00 100.00 87.63 87.63
M= BLFlow: m2BL-Flow; SP-F : Point Cloud
-Flow; m -Flow; SP-Flow (ours)g: Adroit Score | 0.95/0.81 0.80/0.78 0.95/0.87 0.95/0.88
(25) Door FLOPs (%) | 100.00 100.00 61.03 61.03
The relative FLOPs are then Adroit Score | 0.80/0.74 0.85/0.75 0.85/0.68 0.80/0.75
FLOPs, (T) Pen FLOPs (%) | 100.00 100.00 61.03 61.03
m(Ti) = ELOPs— (T.) (T-): (26)  Dexart Score 0.95/0.87 0.95/0.85 0.90/0.81  0.90/0.84
Sm) (1 Laptop | FLOPs (%) | 100.00 100.00 61.03 61.03

Evaluation results: The results in Table lll show task- BL = Baseline, SP = Spline Policy (Traj.), Diff = Diffusion, Flow = Flow
dependent differences between action-chunk and spline-output Matching. Scores are reported as max/average over the best ve
policies. SP matches or slightly improves some entries, while™"eckPoInts: D':f:SSL'fI’t?ngr;g i';frﬂig?témgesn‘:‘fgrf,ds'fam'ca' architectures,
trailing the corresponding action-chunk baseline in others.

The consistent effect is the reduction in policy-output d Baseline Spline Policy (Traj.) Motion Jump

mensionality and measured network-level forward FLOPs. / 20
summarized in Fig. 10, the averaged scores remain close to 10
baselines, while the averaged relative FLOPs are reduced. 10

therefore interpret this benchmark as evidence that the splil -20

Velocity
(scaled)
=

output replacement remains in a comparable performar ¢ . = = 0 = -
range under matched backbones, rather than as a claim § _ 4
uniform performance improvement. g g 0
g g-100
= 7 200
Baseline model - Diffusion/FlowMatching y 0 5 10 15 20 25 30
Spline Policy (Traj.) - Diffusion/FlowMatching T 2 HE)
Relative FLOPS (%) 109 Test Scores (%) 8 Fig. 11. Trajectory continuity comparison between Baseline model and
100 | 100.0 “ 86.1 85.4 "\ 2 Spline Policy (Traj.) (ours) under replanning.
&0 68.1
60 60 C. Real-World Compatibility Case Studies
40 . We present real-world case studies to illustrate how SP can
20 20 be deployed with visual replanning, ow execution, null-space
0 0 m E collision avoidance, and externally speci ed spline motions
= ‘ £ involving a liquid- lled object. These studies are intended
Z g ¢ I S as system-level demonstrations of compatibility, rather than
< . ) L B ¢ controlled comparisons against action-chunk policies.
E L L As illustrated in Fig. 12, we organize the hardware demon-

strations into four case studies:

Fig. 10. Benchmark between Baseline model and Spline Policy (Traj) 1) Vision-conditioned planning, which illustrates visual

(ours) on tasks spanning state, vision, and point-cloud inputs. Test scores and conditioning under changing spatial con gurations

network-level relative FLOPs are averaged over six tasks. . . . T
2) Recovery under disturbances, which illustrates quali-

Trajectory continuity under replanning: We further ex- tative recovery from pushing and pulling perturbations
amine trajectory continuity on the Push-T [39] task. As  during execution.
shown in Fig. 11, Spline Policy (Traj.) (ours) can imposé C 3) Whole-body collision avoidance via null-space pro-
continuity across replanned trajectories, resulting in smoother  jection, which illustrates how a collision-avoidance con-
velocity proles. In contrast, the action-chunk baseline can  troller can be incorporated as a higher-priority behavior.
exhibit velocity discontinuities at replanning boundaries. Al- 4) Structured motion speci cation, which illustrates that
though acceleration continuity is not explicitly enforced in this ~ the same spline representation can encode smooth task

experiment, the plotted acceleration pro les are less abrupt ~Mmotions beyond learned policy outputs and remains
under the tested replanning setting. compatible under disturbances with a liquid- lled glass.
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Fig. 12. Real-world compatibility case studies. Row 1: Vision-conditioned planning under changing spatial con gurations. Row 2: Recovery under repeated
pushing and pulling disturbances. Row 3: Whole-body collision avoidance via null-space projection in the presence of an undesired object. Row 4: Structured
motion speci cation and disturbance trials with a liquid- lled glass.

introduced (Fig. 12, Row 3). With the SDF-derived collision-
avoidance controller, the robot maintains clearance from the
undesired object in the demonstrated scenario, including inter-
actions involving the arm body. Using null-space projection,
the collision-avoidance command is assigned higher priority,
while the SP ow is retained only in the remaining degrees of
freedom. This illustrates a training-free integration mechanism
for collision avoidance, rather than a formal safety guarantee
Fig. 13. Vision-conditioned planning with Spline Policy (Flow). The cyanunder arbitrary perception, modeling, latency, or actuation

arrows indicate the induced ow eld in the image, while the blue curve show€ITOI'S.
the Spline Policy (Traj.) representation over time, with the white segment Structured motion speci cation with disturbance trials:

highlighting the most recent motion. We also test whether the same spline representation can be
Vision-conditioned planning: We rst consider a vision- used to specify smooth task motions outside the learned policy
conditioned task in which a human holds a wine bottle &utput (Fig. 12, Row 4). As an example, we encode a gentle
varying positions while the robot guides a wine glass towaghaking motion and execute it through the same downstream
it using visual observations (Fig. 12, Row 1). The policy isontrol pipeline, illustrating that the spline output object used
trained on 120 human demonstrations covering diverse relati} SP remains compatible with externally speci ed or edited
con gurations among the glass, bottle, and human hand. TAWtions when such a structure is useful for deployment. We
behavior is observed across different spatial arrangemerﬁggitiona”y run controlled disturbance trials while the robot
which is consistent with planning conditioned on visual ot0lds a liquid- lled glass, including sudden pulls and gentle
servations rather than replaying a single xed demonstratiop@ntact interactions, as a stress test of real-world compatibility
as visualized in Fig. 13. under controlled conditions; for safety, perturbation magni-
Recovery under disturbances: We next consider the systudes were kept within limits.
tem under external physical disturbances (Fig. 12, Row 2).
While the robot is delivering the wine glass toward the bottlé)- Real-World Deployment with Different Backbones
a human repeatedly pushes or pulls the end-effector. In thes&o further illustrate the model-agnostic nature of SP, we in-
controlled trials, Spline Policy (Flow) generates motions thatantiate Spline Policy (Traj.) with different real-world policy
steer the end-effector back toward the generated motion. Thickbones, including ACT, DP, and the VLA model PI05. In
behavior is consistent with the combined effect of the stateach case, the original policy backbone is preserved, while the
dependent ow eld and replanning from updated visuatrajectory-output representation is changed to spline parame-
observations, as illustrated in Fig. 13. ters. The policies are evaluated on two ALOHA manipulation
Whole-body collision avoidance via null-space projec- tasks, PushT and toy packing, under randomized object poses.
tion: We consider the system when an undesired object The PIl05-based spline policy rollouts are shown in Fig. 14
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Fig. 14. Spline Policy (Traj.) - P105 on the PushT task under randomized initial positions. The language instruction is Push the T-shape block into a green
T marker . Left to right: snapshots of the ALOHA robot executing the task with different initial con gurations of the T-block.

Fig. 15. Spline Policy (Traj.) - PI0O5 on the toy packing task. The language instruction is pick and place a toy sheep into a green basket . Left to right:
snapshots of the ALOHA robot executing the task.

and Fig. 15. Detailed training settings, dataset statistics, anda comparable range while reducing policy-output dimen-
success rates are provided in App. VII-C. These experimesisnality and measured network-level forward FLOPs. Real-
are intended to illustrate deployment with different backbonembot case studies illustrate how the same spline object can
rather than to provide a controlled comparison between badle deployed with visual replanning, disturbance recovery,
bone architectures, since model size, pretraining, optimizegllision-avoidance control integration, and different policy
and training schedules differ across methods. backbones. Together, these results suggest that SP provides
a practical interface for connecting expressive learned policies
with geometric and control-relevant motion structure.

SP also has limitations. It changes the representation of

This paper studied whether the xed-resolution actioihe predicted action object, but it does not remove the need
chunks commonly used in modern imitation-learning policid®r an accurate and expressive policy backbone. If the policy
can be replaced by spline-parameter outputs while keepipgdicts an inappropriate spline, the structured decoder or the
the policy backbone unchanged. The resulting Spline Poligyduced ow eld cannot by itself guarantee task success. The
(SP) formulation makes the predicted action object a cordistance-to-spline corrective property applies to the generated
pact continuous trajectory rather than a discrete sequencemsition under the assumptions of the analytical construction,
points. This output representation exposes temporal resdiat to arbitrary task objectives or arbitrary off-manifold states.
pling, derivative access, boundary and continuity structure, ab® may also be less suitable for highly discontinuous or
parameter-space operations before execution, while remainfhiamic interactions, such as hitting a moving object, where
compatible with diffusion, ow-matching, transformer, andadditional task-speci c modeling or engineering may be re-
VLA-style policy backbones. quired. Finally, although the trajectory-decoding view can use

For the quadratic sp”ne construction considered in th@her spline families, the analytical ow- eld realization in this
work, the same predicted spline can also be converted in@rk relies on concatenated quadratic curves witha@d C*
a state-dependent ow eld through an analytic distance el@ontinuity on the resulting spline (incl. junctions). Extending
construction. This ow- eld realization provides local correc-the construction to broader spline families and evaluating
tion around the generated motion: under the stated regulatifycertainty-aware or constraint-aware execution policies are
and projection assumptions, the induced dynamics do d@tportant directions for future work.
increase the distance to the predicted spline, and the terminal
point becomes an equilibrium when a zero terminal tangent
is imposed. This property is local to the generated spline and
should not be interpreted as a task-level stability or succe$s T. Z. Zhao, V. Kumar, S. Levine, and C. Finn, Learning ne-grained
guarantee. The same spline output further supports uncertainty g‘gi“:r?cuea'ar%ag'ys‘ifgq'g”m"gg"%";ecé)it R“:gﬁ‘é"l?cr e Eor':;’cjuﬁ‘;%%tgfs-
propagation and can be combined with classical Contm”erﬁ] M. Reuss, M. Li, X. Jia, and R. Lioutikov, Goal-conditioned imitation
such as null-space collision avoidance, without retraining the learning using score-based diffusion policies, in Proc. Robotics: Science

policy backbone. and Systems (RSS), 2023.
h . hi . . [3] C.Chi, Z. Xu, S. Feng, E. Cousineau, Y. Du, B. Burch el, R. Tedrake,
The experiments support this output-interface view. Low- and S. Song, Diffusion policy: Visuomotor policy learning via action

dimensional studies isolate the ow-eld mechanism and diffusion, The International Journal of Robotics Research, vol. 44, no.
uncertainty propagation. Simulated manipulation benchmarks 1011, pp. 1684 1704, 2025. .

luate th li tout und tched backb h ﬁl Y. Lipman, R. T. Q. Chen, H. Ben-Hamu, M. Nickel, and M. Le, Flow
evaluate the spline Ol_J put under maf: € ackbones, showi matching for generative modeling, in Proc. Intl Conf. on Learning
that the compact spline representation can keep task scores Representations (ICLR), 2023.

VI. CONCLUSION
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ACKNOWLEDGMENT B. Flow Field Corrective Analysis

We used LLMs (e.g., ChatGPT) to help with paraphrasing We analyze the local corrective behavior of the ow eld

and language polishing. All technical content was written argfound the generated spline. The analysis applies at regular
veri ed by the authors. points where the closest-point projection is unique and dif-

ferentiable, and where the active projection does not switch
between spline segments. It characterizes distance-to-spline

VII. APPENDIX non-increase, rather than global task-level stability.

A. From Spline to Distance Field The induced dynamics are
We follow the notation in Sec. IV. Given a query state x, we x=F X)=0n X+ x LX: (35)
compute its closest-point projection onto the decoded spline ) )
f (t), denoted by Consider the squared distance to the generated spline,
1
t (X)X proj =Pt (X): V()= Sd: (36)

Assume that f is a piecewise quadratic spline with segUsing d-(x) = n (x)” x_at regular points with d(x) > O,
ments f; (i), i 2 [0;1], and quadratic Bernstein controlwe obtain
points wt; w2; w?, all contained in w(o). For each segment Vi) =d (0 dx)
i, the closest-point problem minimizes
=d (})n (x)7x

1 > 37
Q(i)=§f;i(i) X fi(i) x (27) =d )n X)> On K+ X £X (37)
with respect to ;. At an interior stationary point, differentiat- =00d 0+ d  ()n ()7 E(X);
ing G ( i) and setting the derivative to zero gives where we used kn(x)k = 1
> df 4 o The rst term in Eq. (37) is non-positive because 0
i (i) x i (i)=0: (28)  and d (x) 0. We now consider the progression term.

Interior projection: If the closest point lies in the interior

of a differentiable spline segment, the closest-point condition
fa (=@ D2wi+2 ) wi+ 2w gives N

df ; (29) n (x)7£(x)=0: (38)

—(i)=21 Wi+ 4 DwZ+2 jwk . .
di Thus, the progression term does not change the distance to the

spline locally, andV/.(x) = d (x) O.

Boundary projection: If the closest point lies at the ter-
2+ 1.+ 0=p (30) minal boundary t(x) = T, the de ned weight (x) makes

the progression term vanish. If the closest point lies at the

where the coefcients ?; ?; {; ? are determined by start houndary t(x) = 0, the one-sided closest-point condition
wl;w2;w? and x. gives

The candidate set for segment i consists of all stationary n (x)>£(0) O; (39)
roots in [0; 1] together with the two boundary points:

For the quadratic Bernstein segment,

Substituting Eq. (29) into Eq. (28) yields a cubic equation

33 2
PPt

so the progression term is also non-positive at this boundary.

G(x)= i2[0;1] i satises Eq. (30) [f0;1g: (31) Under these regularity and boundary assumptions,
The segment-wise closest distance is then \L(x) O: (40)
di ()= min Kk, (;) xk: (32) Therefore, the induced dynamics do not increase the distance
i 2Ci () to the generated spline.
For a piecewise spline with K segments, the overall distance
is C. Real-World Setup and Backbone Deployment Details
d ()= min d;(x) (33)  Robot platform and data collection: The real-world exper-

o _ _ iments are conducted on an ALOHA-style bimanual teleoper-
The minimizer in (33) de nes the closest poing¥ on the ation platform [1], con gured with a Viperx300s follower arm

piecewise spline, so equivalently @) =kx X proj k. and a WidowX250 leader arm. The setup also includes three
When the closest-point projection is unique and differefRealSense D405 cameras providing top-down, front, and wrist
tiable at x, and d(x) > O, the distance- eld gradient is views, as shown in Fig. 16. During data collection, the operator
X X proj controls the follower arm by teleoperating the leader arm. The

rd (x)= XX proy K- (34) cameras record RGB images at 640 480 resolution and 30 Hz.

The dataset is stored in the LeRobotDatasetV3.0 format and
We denote this unit vector by ifx), as in Sec. IV. contains robot actions, motor states, RGB observations, and
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language embeddings. We collect demonstrations for two real-
world manipulation tasks: PushT and toy packing. In PushT,
the robot pushes a T-shaped block to a target con guration.
We collect 100 demonstrations with randomized initial object
poses, resulting in approximately 20,000 training samples after
Itering. In toy packing, the robot grasps a deformable toy
sheep from the table and places it into a basket. We collect
69 demonstrations, resulting in over 37,000 RGB image-
action pairs before lItering; the ltered training set contains
approximately 1,000 samples. Each demonstration contains
approximately 400 700 timesteps.

Fig. 16. ALOHA teleoperation platform for the PushT and toy packing tasks.

Backbones and training details: We instantiate Spline
Policy (Traj.) with multiple real-world policy backbones, in-
cluding ACT, DP, and the VLA model PI05. The resulting
policies are denoted SP-ACT, SP-Diff, and SP-PI05. In all
cases, SP changes the trajectory-output representation to spline

arameters while preserving the corresponding policy back- TABLE V
P . P . 9 . P 9p .y REAL-WORLD SUCCESS RATES ON PUSHT AND TOY PACKING.
bone. ACT and Diffusion are trained from scratch, while P05
is ne-tuned from a pretrained base model. All policies are SP-ACT SP-Diff SP-PI05
tra!ngd using a s.|ngle A100 GPU.on t_he Alvis cluster. ThE ot /10 6/10 10/10
training con gurations are summarized in Table V. Toy packing 5/10 8/10 9/10

All methods use Spline Policy (Traj.) with different policy backbones. Each

TABLE IV entry reports the number of successful trials out of 10.
TRAINING PARAMETERS FOR REAL-WORLD BACKBONE DEPLOYMENT.

Parameters SP-ACT SP-Diff SP-PI105
Step (K) 100 100 3
Optimizer AdamW Adam Adamw
Learning rate (10% ) 1 10 25
Batch size 8 8 32

Loss function L1 L2 L2

Time (h) 2.1 15 3.9
Model size 52M 270M 4B

Evaluation protocol and results: Each policy is evaluated
over 10 trials with randomized object poses. The success
rates are reported in Table V. SP-PIO5 achieves 10/10 suc-
cess on PushT and 9/10 on toy packing. SP-Diff achieves
6/10 and 8/10 success on PushT and toy packing, respec-
tively. SP-ACT is less reliable in these trials, especially on
PushT, where lagging and stuck behaviors are occasionally
observed. Because the compared backbones differ in model
size, pretraining, optimizer, and training schedule, these results
should be interpreted as deployment examples across different
backbones rather than as a controlled comparison of backbone
architectures.



