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MOTIVATION
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Motion Forecasting Needs More Than Points

» Input: a short observed 3D pose
sequence [16, 30].

» Output: a plausible future trajectory.
» Safety-critical HRI needs predictive

envelopes, not only means [21, 23, 37].

» Target: uncertainty that is efficient,
calibrated, and structured.
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Fig. 1: Observed motion, forecast uncertainty, and a robot path
motivate calibrated tubes.
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Three Requirements Rarely Meet

» Epistemic: detect weak training

support [20].
» Aleatoric: represent genuine motion

ambiguity [20]. o
» Calibrated: reach target coverage,

e.g., 95% [1, 15].
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Fig. 2: The method combines epistemic signal, structured covariance, and
conformal coverage.



RELATED WORK
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Existing Methods Face a Deployment Trade-off

» MC dropout and ensembles often require
repeated stochastic passes [13, 22].

» Generative forecasters use samples,
hypotheses, or diffusion loops [2, 38, 47].

» Calibration-only methods provide
coverage but no epistemic risk signal
1, 35].

» Factorized Gaussian heads lose temporal
and skeletal dependence [3, 10, 36].

= ConjGraph-CP  single pass MC dropout
= ensembles
3 —_—
8 3
5
5
5 generative
£ diffi
© —
£ , O
= calibration
ol
8 only
¥
® —
5
2 deterministic
El point forecast
& low
low high

Inference cost

Fig. 3: Deployment methods trade inference cost against structured
calibrated uncertainty.



ONE-SLIDE SUMMARY
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SPARC as an Uncertainty Layer

1. Deterministic siMLPe/DCT
backbone — mean forecast [16].

2. Bayesian last layer — r¢(x)[11, 27].

3. Graph-temporal covariance —
structured tubes [3, 10, 36].

4. Split conformal calibration — 95%
marginal coverage [1, 26, 43].

Deterministic Bayesian Structured Split
backbone last layer Gaussian conformal
= ! | I L4 8B
la =X = E A
best mean unusual time and joints tube width calibrated
forecast? feature? coupled? for 95%7 prediction tube

Fig. 4: SPARC wraps a deterministic forecaster with Bayesian scaling and
split conformal calibration.
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Paper Contributions
» Structured Bayesian scaling: x:(x)Xgtr,1(X)
preserves covariance structure.
» Single-pass uncertainty: no MC sampling and
no ensembles.
» Cross-dataset gains: best mean NLL rank and

. Bayesian Structured Splif Deployment
best combined MPJPE+NLL rank. Ocrin | @snevet | (@ s | (@0siomen

feature leverage time +‘j0m( 95% marginal risk decile

» Risk monitoring: on H36M, the top-« decile has eI obe calloration LI
1.79x average MPJPE. E - 2

single-pass calibrated uncertainty: no MC dropout, no ensemble sampling

Fig. 5: The contribution chain turns feature leverage into single-pass
calibrated uncertainty.



MOTION FORECASTING
Task and Notation

vV vV v VY

Observed prefix: x;.7 € RT*C,
Future trajectory: y;.y € RH*C.
C = 3J coordinates for J joints.

Training uses displacements relative to
the last observed pose xr.
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Fig. 6: Observed prefixes and future targets are represented as
time-by-joint trajectory blocks.



CALIBRATED MARGINAL INTERVALS
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Desired Output: Prediction Tubes

Co(x) = [ [Ata(x) £ qro el (x)] -
t.j,d

> g, is a split-conformal factor [26, 43].
» The paper uses a = 0.05 for 95%
coverage.

» The guarantee is marginal, not
automatically trajectory-level [12, 25].
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Fig. 7: Prediction tubes wrap the mean forecast with conformal
marginal intervals.
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Backbone: siMLPe/DCT

» The time axis is represented by DCT
coefficients [16].

» An MLP processes

coefficient-domain features. DCT MLP iDCT
» iDCT maps outputs back to the time CARAA — iy, — = — —_ 4B
domain. mean only
> Mean FT pI’OVIdeS a StrOng deterministic backbone: uncertainty is added after the mean forecast

deterministic forecast.

Fig. 8: The siMLPe-style DCT backbone maps pose histories to a
deterministic future mean.



BRIDGE TO THE LAST LAYER
Time-Domain Design Vector

fie(x) = Bl de(x),  di(x) = [gt(x)] :

St

N N
gt(X) = ZAt,nhn(X), St = ZAM'
n=1 n=1

» One design vector per forecast horizon
step.

» The leverage of ¢;(x) later determines
K(X).
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design vector later drives

gi(x)
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Fig. 9: DCT-domain features are aggregated into time-specific
design vectors.



BAYESIAN LAST LAYER
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Epistemic Uncertainty as Feature Leverage

ke(X) =1+ ¢(x) A, ().

» Low leverage: test features lie in a
dense training region.

» High leverage: weak feature-space
training support.

» This is representation-dependent, not a
universal OOD detector [33].

Bayesian last-layer background: [11, 27, 34, 44].

feature space

-~

low leverage high x

small rr()
.

ke(x) = 1+ ¢u(x) T A ()

Fig. 10: Feature leverage separates dense training support from
higher epistemic risk regions.



EXACT STRUCTURED-COVARIANCE SCALING
Proposition 1: Core Formula

Model:

Vi =Bl oi(x) + e, er ~ N(0, Tawrs()).

Matrix-normal prior [10]:
Bi | Tstrt ~ MN(Bot, Ay ', Tstr,)-
Result:

Vi | X, D~ N(Hpost,t(x)a K't(x)zstr,t(x))-
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Fig. 11: Bayesian last-layer scaling enlarges covariance while
preserving its structure.



WHY THE FACTORIZATION MATTERS
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Scale Epistemics, Preserve Structure

Weak alternative

» Diagonal or isotropic uncertainty treats
coordinates as largely independent.

SPARC

zhyb,l‘(X) = ’ft(X) zstr,t(x)-

» Scale increases; correlations are
preserved.

factorized uncertainty structured uncertainty

o —
== —% ----- e
diagonal time + joint structure

Fig. 12: Structured scaling preserves coherent skeletal uncertainty
compared with diagonal inflation.
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Offline Fit and Single-Pass Inference

Offline
_ } : T Training / offline Inference / online
SXX,t - d)t(XI)QSt(XI) ° tragining input
i wimiows sequence () single pass,
@(f’) forvilar:'glepass
—1 — . .
An,t = (Sxx,t + Aol) . b”’:%’é’o' “’ir)
(Szwa + D)™ Dhyb
Inference e '
stored A} calibrated
» one forward pass, tube
» a quadratic form for x(x),
> no MC Samp"ng and no ensembles. Fig. 13: Offline statistics enable one-pass online inference without

sampling loops.



TIMEWISE, GLOBAL, PER-JOINT

Stabilizing ~

1

ﬁ (1 + ¢t(X)TA;1lb¢f(X)) :

=1
S
Il

I MI

Re(x) = (1 = p)re(x) + pR(X).

» Shrinkage smooths horizon-wise scales.

» Per-joint x;(x) scales CP tubes, not the
Gaussian NLL core.
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per-joint «; for CP tubes
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Fig. 14: Shrinkage stabilizes horizon-wise leverage while keeping
the Gaussian NLL core unchanged.



MN-GRAPHJ
Structured Aleatoric Covariance
Matrix-normal residual model [10]

R(x) = y1:n — fi1:H(X),
R(x) ~ MN(0, Z7(x), Z¢(x))-

Joint-graph precision 3, 36]

QJ(X) = T(X)Ljoint + G(X)lJv
S o(x) = (Qulx) © ).

> 7 captures time; X ¢ captures skeletal
coupling.

WA TU Clausthal

Yp(x): temporal covariance Ee(x): joint covariance
Q= TLjoint + €l
) ?\-?
m nnnnnn coordinate / joint dimension

future residuals R(x)

Fig. 15: MN-GraphJ combines temporal covariance with skeletal
joint coupling.



x INFLATES TEMPORAL COVARIANCE

Hybridization

H

D(x) = diag (/7(x))
TP (%) = Du(X)Z7(X)Du(x) "
TP (x) = Z2P(x) © T (x).

=1

» Correlations remain intact.

» Variance increases where &; is high.
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x inflates scale, not structure
= D; grows pnid

Fig. 16: Hybridization inflates temporal variance according to
while retaining correlations.



FROM SCALES TO 95-PERCENT TUBES
Split Conformal Calibration

Calibration scores [1, 26, 43]:

511 = Yitdo ~ fitja(x)]
I7 7/7 - ~ .
Jt(,le,Dd(Xi)

Quantile:
atj = Qi—a ({Sitja}tid)-

Tube:
ﬁt:j :l: qtvja-tnl
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95% quantile calibrated tube

- |s=ly—gllbcr| - /\/

Fig. 17: Split conformal calibration converts residual scores into
95 percent prediction tubes.
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What the Guarantee Says — and Does Not Say .

Guaranteed under exchangeability
[26, 43]

marginal can hide subgroup gaps
., finite-sample marginal coverage A B
under exchangeability

Pr{y:j € Cij(X)} > 1 —av.

. empirical under dependence / shift
" check on data

Not guaranteed

5 ot universal conditional coverage
subgroups can differ

» strong conditional coverage [14],
» shift-robust guarantees [33],
» automatic trajectory-level coverage.

Fig. 18: Marginal validity can hold even when subgroup coverage
differs.
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SPARC in Nine Steps

. 1 mean 2 covariance 3 last-layer 4 per-joint
— — —
Train forecaster head stats stats
! :
1
. 5 conformal 6 x-Mondrian 7 trajectory | no training
Calibrate quantiles bins ellipsoid ! updates on Dcyl
|
1
i
Test 8 compute K 9 calibrated
€s + Shyb tube

Fig. 19: The algorithm separates training, calibration, and deployment without updating on calibration data.



MONDRIAN TUBES AND TRAJECTORY ELLIPSOID !@ﬁl TUClausthal
Optional Extensions

» rx-Mondrian CP: separate quantiles
for risk bins [4, 42].

» Trajectory CP: structured e Mondrion €7 oy elpit e
Maha|anObIS Or Whltened-reSIdua| low & medium high # covariance interface
score. ul m m trajectory-level set
. . . /s_—/
» Goal: risk-adaptive or more coherent
set-valued prediction [24, 32, 48]. - | e _ 7

Mahalanobis /
whitened residual

Fig. 20: Optional extensions reuse the same interface for Mondrian bins
and trajectory-level scores.



EXPERIMENTAL SETUP o TU Clausthal
Datasets

» Primary benchmark: Human3.6M

[1 9]. Primary benchmark Motion / MoCap
» Additional motion/MoCap datasets: ——
AMASS, LaFAN1, CMU-MoCap, AM/gss “Fg“l CM”’%”"C“’ 3D?'§W
3DPW [5, 17, 28, 41].
» HRI-style datasets: CHICO, HA4M, HRL-style
AnDy [8, 31, 37]. CHICO HAM\FA'\ AnDy
» Non-H36M protocol: T = 50, . . -
H = 25. Non-H36M: 7' = 50 observed, H = 25 future

Fig. 21: The evaluation spans controlled MoCap, in-the-wild motion, and
HRI-style datasets.



POINT ACCURACY, DENSITY, TUBE EFFICIENCY

Metrics

» MPJPE: mean per-joint position error.

» FDE: final-horizon MPJPE.

» NLL: per-element Gaussian negative
log-likelihood.

» Cov95/W95: nominal coverage and
interval width.

» Cov95(CP)/W95(CP): conformalized
coverage and width.

W TU Clausthal

MPJPE FDE

AR Ad

&
—
mean joint distance “final-step MPJPE

NLL W95(CP)

¢ —
density quality }—{I width

coverage + width

mean rank across datasets

Fig. 22: Metrics compare point accuracy, density quality, empirical
coverage, and tube width.



TABLE 1 s IHHC}S?‘,{SthaI
Main Result: Mean Ranks

Model MPJPE NLL W95(CP) MPJPE+NLL
SPARC
MeanFT 222 6.11 - 417

» MRy1 = 1.00. Bridge-CQR 4.61 3.00 9.11 3.81
Deep ensemble 8.22 5.56 5.39 6.89
» MRmpipE+NLL = 2.69. CoMusion 6.06 644 378 6.25
» MR — 2.50. SPARD 7.11 6.56 3.39 6.83
WO5(CP) SPARC 439 1.00 250 2.69

» MRmpspe = 4.39. Table 1: Selected mean-rank rows; the next slide gives the full cross-dataset table.

Lower rank is better. SPARC is
strongest on density and the
combined point+density trade-off.



LOWER IS BETTER wﬂ TU Clausthal

Full Table 1: Cross-Dataset Mean Ranks

Model MR MPJPE MRNLL MR W95(CP) MR MPJPE+NLL
siMLPe (base) [16] 7.89  10.67 - 9.28
MeanFT (siMLPe fine-tune) [16] 2.22 6.11 - 417
AuxTasks (50/50) [45] 9.06 11.78 - 10.42
Symplectic (50/50) [6] 16.22  15.78 - 16.00
DeFeeNet (50/50) [39] 7.61 10.44 - 9.03
GSPS (50/50) [29] 7.67 9.00 5.44 8.33
HumanMAC (50/50) [7] 1022 10.00 - 10.11
SeSGCN (teacher) 13.39 11.78 - 12.58
Deep ensemble [22] 8.22 5.56 5.39 6.89
Bridge-CQR [35] 461 3.00 9.1 3.81
SkeletonDiffusion (CVPR 2025) [9] 15.00 13.67 9.78 14.33
BeLFusion (ICCV 2023) [2] 9.56 8.00 5.89 8.78
TransFusion (RA-L 2024) [40] 12.44 9.78 4.78 11.11
CoMusion (ECCV 2024) [38] 6.06 6.44 3.78 6.25
SPARD (AAAI 2026) [49] 7.1 6.56 3.39 6.83
MotionMap (CVPR 2025) [18] 16.11  16.22 9.44 16.17
SLD-HMP (ECCV 2024) [46] 1322 1522 6.50 14.22
SPARC 4.39 1.00 2.50 2.69

Table 2: Mean ranks across dataset/protocol blocks; MPJPE+NLL averages the MPJPE and NLL ranks.



INTERPRETATION
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Coverage Must Not Come From Huge Tubes

» Best density quality in the benchmark.

» Efficient calibrated tubes: coverage at
moderate width.

» Single forward pass.

» x remains interpretable as an
epistemic risk signal for
deployment-oriented HRI monitoring
[21, 23, 37].

wide but calibrated efficient calibrated
planner path planner path
coverage bought by width coverage with useful width

Fig. 23: Efficient calibration seeks target coverage without
unnecessarily wide intervals.



COMPONENT STUDY

Ablation: Component Contributions
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Variant k¢t Hybrid Graphd Coupled MR MPJPE+NLL MR W95(CP)
Base x(x) - - - 5.28 4.78
Timewise k¢ v - - 4.61 3.56
Hybrid MN - v - 3.94 4.00
Hybrid MN-GraphJ - v v 2.47 4.78
Hybrid MN-GraphdJ + timewise x; v v v 2.53 3.78
SPARC coupled «¢ v v v 3.17 2.56

Table 3: Ablation over leverage, hybrid covariance, graph coupling, and coupled per-joint calibration.
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Qualitative Uncertainty

» Gray: nominal 95% intervals,

:|:1 9600’ R low mean x high mean
» Red: split-conformal 95% intervals, . R
:tqt’jO'. é .
» Green: ground truth. .
» Higher mean « creates visible N |
epistemic inflation. T e P e

Fig. 24: Higher mean x visibly expands calibrated intervals around the
trajectory.
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~ as a Risk Monitor

H36M diagnostic reported in the paper:

Highest « decile: 1.79x average MPJPE.

Filtering that decile reduces MPJPE by about 9%.

The diagnostic supports « as a deployment-time risk signal, not as a formal guarantee.
Thresholds are tuned on held-out data and should be treated as policy parameters.

vV vV v Y



COMPUTE AND DEPLOYMENT

Why Single-Pass Matters

Inference requires:

v

one backbone forward pass,

» horizon-wise quadratic forms for xy,
» a structured Gaussian summary,

» conformal quantile lookup.

No MC dropout loop [13], deep ensemble
loop [22], or diffusion sampling loop [2, 38].

s 2 TU Clausthal

Clausthal University of Te

MC dropout / ensemble - model
___——— model

it —
inpu ﬁ" o model
odel

multiple stochastic passes

diffusion / generative:

input ——» O iterative
ConjGraph-CP [ quadratic form for ¢ | . .
input — —— single-pass calibrated tube

conformal quantile

Fig. 25: Single-pass inference avoids repeated stochastic or generative
sampling loops.



CONCLUSION m* TU (‘T‘lausntuhal
Takeaways and Limitations

Takeaways
» Analytic epistemic scaling via x¢(x).
» Structured trajectory covariance via X, 1(X).
» Split conformal calibration gives 95% marginal tubes [26, 43].
» The method is strongest on density quality and the combined point+density trade-off.

Limitations
> k is representation-dependent.
» Coverage is marginal, not strongly conditional [14].
» The graph covariance is a modeling choice.
» Online updates and coherent trajectory-level sets remain open.
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Strict Split Separation
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» Deterministic window permutation
with seed 304.

. seed 304
> N, = 512 for split conformal
calibration. ran | oo nng | St [ Sl
> Neval = 1024 for final metrics. e | oo L PR [ p—
Bayesian stats joint scales @ 0.05
» o = 0.05 for 95% target coverage.

» Hyperparameters selected on
held-out training windows.

Fig. 26: Strict splits keep training, calibration, and evaluation windows
separated.
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