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Abstract—Few-step generative robot policies reduce inference
cost, but the executed motion still has to remain usable. Most
work on few-step policies, including one-step diffusion, consis-
tency models, and MeanFlow variants, reports task success and
inference cost (NFE), but not the quality of the executed path.
We audit this gap. Reusing three movement-smoothness measures
from biomechanics (mean-squared jerk, log-dimensionless jerk,
and spectral arc length), we sweep the number of inference steps
for four generative-policy families with matched Transformer
architectures, identical demonstrations, and a shared evaluation
protocol, then plot smoothness against NFE on Push-T and three
MetaWorld tasks (3 seeds, 95% CI). The cost of cutting steps
depends strongly on how the policy generates actions: a DDIM
diffusion policy does not form a usable one-step rollout (Push-
T coverage 0.09, the highest mean-squared jerk we measured),
whereas a standalone flow-matching policy loses little (coverage
0.89, the lowest measured roughness). Smoothness separates the
families most sharply at low NFE, where success rate separates
them least, so it carries information a success-only protocol
discards. We also test a minimal mitigation, a jerk penalty that
cuts one-step jerk by an order of magnitude at a task-dependent
success cost. Roughness does not by itself predict failure, which
suggests that smoothness should be reported separately rather
than treated as a success proxy. We recommend reporting a
smoothness curve and a per-method “NFE budget,” and make
the audit code available.

I. INTRODUCTION

Generative policies have become a default choice for visuo-
motor imitation: a diffusion or flow model turns a noise sample
into a short chunk of future actions [4, 10]. Their one drawback
is speed. Sampling is iterative, and a control loop cannot
always afford ten or fifty network evaluations per chunk. The
response has been a wave of few-step methods: consistency
distillation, one-step diffusion policies, and MeanFlow policies
that learn an interval-averaged velocity and generate in a single
evaluation [12, 23, 6, 16, 17]. Papers in this line are judged
on two axes: does the task succeed, and how many function
evaluations (NFE) does it take.

We think a third axis is missing. Success rate says whether
the block reached the target; it says nothing about how the
arm got there. Two policies with the same success rate can
trace very different paths (Fig. 2), and a jerky one wears
actuators, trips safety limits, and transfers poorly to hardware.
Smoothness of motion is not a vague notion. Rehabilitation
and biomechanics have measured it for decades with jerk-
based scores and spectral arc length [1]. It is simply rarely
applied to generative policies, and we could find no work that
tracks it as a function of the number of inference steps across

policy families.
We run that controlled audit. We vary the generative family

and the inference step count, while holding the rest of the
protocol fixed, and measure both success and smoothness:

• We set up a controlled NFE sweep with matched Trans-
former architectures, identical demonstrations, and the
same evaluation episodes and sampling noise across every
NFE. Within each family, any difference is attributable to
step count.

• We find the few-step cost is strongly family-dependent.
DDIM performs poorly at one step; a standalone flow-
matching policy barely changes; MeanFlow sits between.
The pattern holds on Push-T and replicates on Meta-
World.

• We show smoothness is the more discriminative metric
at low NFE, and argue for reporting it alongside a per-
method NFE budget. We release the code and audit
harness.

• We characterize a minimal mitigation, a jerk penalty, that
cuts one-step jerk by 20× at a task-dependent success
cost, and show chunk-roughness does not reliably predict
failure: smoothness is a separate axis, not a success proxy.

Code and artifacts. The audit code and public artifacts are
available in the public repository.

This is a measurement study, not a new sampler. Its value
is in what the measurement reveals.

II. RELATED WORK

Cutting the step count of generative models. The push
toward few-step generation predates policies and falls into a
few recognizable families. One reduces the number of ODE-
solver steps for a fixed diffusion model (DDIM [20]). A
second distills a multi-step model into one or few steps, as in
consistency models [21] and their variants. A third straightens
the generative path so that few Euler steps suffice: rectified
flow [11], flow matching [10], and shortcut models [5]. A
fourth learns the jump directly, as in MeanFlow’s interval-
averaged velocity [6, 7]. The four samplers we audit are
chosen as clean representatives of these paradigms (DDIM;
flow matching; MeanFlow), with matched Transformer archi-
tectures and identical training and evaluation protocols.

Few-step generative policies. Robotics has adopted each
paradigm. Diffusion Policy [4] introduced iterative action-
chunk generation; consistency distillation yields Consistency
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Policy [14] and the point-cloud ManiCM [12]; diffusion dis-
tillation yields one-step policies [23]; flow matching underlies
recent action experts; and MeanFlow policies such as MP1
[16] and movement-primitive distillation such as FRMD [17]
target single-step control. These works report task success
and inference cost almost exclusively. Smoothness, where it
appears, is an asserted benefit rather than a quantity measured
as the step count is varied. A parallel and very recent line
directly targets the smoothness of chunked policies: real-time
chunking across chunk boundaries [2], lightweight post-hoc
jerk minimization [19], and temporally-grounded priors that
straighten the generative flow [8]. These propose fixes, but,
like the acceleration methods above, evaluate them on success
and latency rather than on a smoothness-versus-NFE curve. We
therefore audit rather than add to them, and our jerk penalty
(§IV-D) is included as a deliberately minimal baseline, not a
competitor.

Evaluating beyond success rate. The case that success rate
is too coarse is gaining ground. RoboEval [22] instruments ma-
nipulation benchmarks with jerk-based behavioral metrics and
shows they stay discriminative after binary success saturates.
This is the closest work to ours in spirit. Recent evaluation
methodology also argues for statistically rigorous, sample-
efficient comparison that looks past a single binary number
[18]. Smoothness has also been used to rank demonstrations
for data curation [9], and to regularize policies in continuous
control [13]; FRMD [17] reports a curvature count, and CoLA-
Flow [24] a jerk reduction, each for a single method at a fixed
step count. A separate line does vary the inference budget
and finds it matters: extra Euler steps can degrade a flow
policy [3], and a fine-tuned policy’s return tracks its NFE [15].
These track success or return, not kinematic smoothness. No
prior work puts NFE on one axis and a kinematic smoothness
metric on the other, across generative families under one
controlled protocol. Our work is complementary to RoboEval:
RoboEval makes the broader case that robot policies should
be evaluated beyond binary success, while we ask a narrower,
step-budgeted question—how trajectory quality changes as
few-step generative policies reduce NFE, and whether that
tradeoff differs across generative families.

III. METHOD: A CONTROLLED NFE AUDIT

Four families, matched architecture. Every policy is
an observation-conditioned Transformer over action chunks
(Fig. 1). Only the generative formulation and sampler
change: (1) MeanFlow (u-head), an interval-averaged veloc-
ity sampled in few Euler steps [6]; (2) Flow-Matching (v-
head), the instantaneous-velocity head of the same Mean-
Flow network, integrated over many steps as a same-weights
control; (3) Flow-Matching (standalone), an independently
trained straight-path flow-matching policy; (4) Diffusion Policy
(DDIM), an ϵ-prediction DDPM sampled by DDIM. The u/v
pair shares weights. The standalone flow-matching and DDIM
models use the same Transformer architecture, data budget,
and evaluation protocol, so method differences are not caused
by a larger model or a different benchmark split.

Fig. 1. Controlled NFE audit. We fix the data, architecture, seeds, and
evaluation episodes, compare four generative formulations, and report both
task success and executed-path smoothness.

What we hold fixed. For each family and each NFE in
{1, 2, 4, 8, 16, 32} we run the same evaluation episodes, with
the same environment seeds and the same per-chunk sampling
noise. We evaluate 50 Push-T episodes and 20 episodes per
MetaWorld task for each seed and NFE. Step count is then
the only thing that varies within a family. We train three seeds
per family and report the mean with a 95% Student-t interval.

Smoothness. On the executed end-effector path we com-
pute three measures from the motor-control literature [1]:
mean-squared jerk (MSJ), log-dimensionless jerk (LDLJ), and
spectral arc length (SAL), where a less negative SAL means
smoother motion. The metric code reads only the trajectory,
so it is identical across families.

Benchmarks. Push-T (low-dim) [4] gives a 2-D pushing
task with 206 demonstrations. We add three MetaWorld tasks,
reach, push, and assembly [25], spanning a short reach to a
long-horizon peg insertion, collecting expert demonstrations
from the simulator’s scripted policies. Models are small (≤8M
parameters) and train on a single GPU.

IV. RESULTS

A. Push-T: the few-step cost depends on the method

Table I and Fig. 3 sweep NFE for all four families. At
one step the families differ sharply. DDIM fails under this
protocol: it covers 0.09 of the target and has the largest
measured jerk in the study. The standalone flow-matching
policy, by contrast, already reaches 0.89 coverage with the
lowest-roughness trajectories, and changes little with more
steps. This is consistent with the straight-path view that a
well-learned velocity field integrates well in a single jump.
MeanFlow’s average-velocity head lands in between.

The sweep gives two observations. First, every family’s
smoothness improves and then saturates with more steps,
but where it saturates, and how badly it fails below that, is
method-specific. Second, the families fan out far more on
smoothness than on success at low NFE: SAL ranges from
−48 (MeanFlow, one step) to −9 (standalone FM), while
the coverage gap is comparatively muted. Smoothness is the
more sensitive readout of “too few steps.” The same-weights



Fig. 2. Push-T rollouts for one fixed start state: generative family (rows)
× inference steps (columns). The selected seed illustrates the same low-NFE
ordering as the aggregate curves: standalone flow matching succeeds at one
step, DDIM fails at one step and recovers with more steps, and MeanFlow
lies between.

TABLE I
PUSH-T (3 SEEDS). COVERAGE AT ONE STEP AND A REPRESENTATIVE
HIGH-NFE PLATEAU POINT. DDIM HAS LOW COVERAGE AT NFE=1;

STANDALONE FLOW-MATCHING CHANGES LITTLE AND HAS THE
SMOOTHEST HIGH-NFE PLATEAU AMONG THE AUDITED FAMILIES.

Family NFE=1 cov plateau cov plateau SAL

MeanFlow (u-head) 0.28 0.81 −19.3
Flow-Matching (v-head) 0.52 0.80 −20.2
Diffusion Policy (DDIM) 0.09 0.92 −12.6
Flow-Matching (std.) 0.89 0.93 −9.1

u-vs-v comparison isolates this to the sampler: integrating
the instantaneous velocity is smoother at low NFE than the
interval-averaged one, with the network weights held fixed.
Figure 2 makes the cost concrete across families: standalone
flow matching already covers the target at one step, DDIM fails
at one step and recovers with more evaluations, and MeanFlow
sits between.

B. MetaWorld: the pattern generalizes, and the jerk gap tracks
task length

We repeat the audit on three MetaWorld tasks of increasing
horizon, reach, push, and assembly, to test whether the Push-
T ordering is an artifact of one environment. Figure 4 sweeps
NFE for all four families on each task, and Table II gives the
single-step operating point.

The MetaWorld tasks reproduce the Push-T ordering. On
every task the DDIM diffusion policy has zero one-step
success and the most negative SAL, recovering only once
it is given two to four steps. The standalone flow-matching

Fig. 3. Push-T. Coverage, success, and spectral arc length against NFE for
four families (3 seeds, 95% CI). The few-step cost and the smoothness gap
between families grow sharply as NFE drops, and differ by method.

TABLE II
METAWORLD AT NFE=1 (3 SEEDS): SUCCESS RATE / SPECTRAL ARC

LENGTH. DDIM HAS ZERO SUCCESS AND THE LOWEST SAL ON EVERY
TASK, AND ITS ONE-STEP ROUGHNESS DEEPENS WITH TASK HORIZON

(−7.0→−8.4→−11.6). STANDALONE FLOW-MATCHING HAS THE
HIGHEST ONE-STEP SUCCESS AND SAL.

Family reach push assembly
S / SAL S / SAL S / SAL

MeanFlow (u-head) 0.80/−4.1 0.92/−5.0 0.72/−7.2
Flow-Matching (v-head) 0.50/−4.2 0.92/−5.4 0.93/−7.1
Diffusion Policy (DDIM) 0.00/−7.0 0.00/−8.4 0.00/−11.6
Flow-Matching (std.) 0.82/−4.0 0.93/−5.1 0.95/−6.6

policy, by contrast, already succeeds at a single evaluation
(0.82/0.93/0.95 on reach/push/assembly) and has the highest
SAL among the audited families, with MeanFlow and the
shared-weights v-head in between.

What the longer tasks add is a clear scaling. DDIM’s one-
step spectral arc length deepens from −7.0 on the short reach
to −8.4 on push and −11.6 on the long assembly insertion,
while the well-conditioned families stay essentially flat across
NFE. The rougher the few-step sampler and the longer the
motion, the more a success-only protocol misses. This is
the regime where a smoothness axis is most useful. Above
NFE≥ 2 to 4 success saturates and the families’ smoothness
converges, so the discriminative signal lives at the low step
counts these methods are built for. Figure 5 shows the rollouts
in the simulator across families and budgets: only the DDIM
policy fails at one step.

C. Cross-environment summary

Across four environments, reducing NFE changes behavior
in a method-specific way rather than following a single step-
count curve. A DDIM diffusion policy needs a non-trivial
budget before it is either successful or smooth. It has zero or
near-zero task score at one step everywhere and is the highest-
roughness family throughout the low-NFE regime, whereas a
straight-path flow-matching policy reaches the audited success
and smoothness thresholds at a single evaluation on all four
tasks. A useful way to report this is a per-method NFE budget:
the smallest audited step count at which both task score and
smoothness have reached the high-NFE plateau (Table III).
Operationally, we mark an NFE as saturated when its task
score (coverage on Push-T, success on MetaWorld) is within



Fig. 4. MetaWorld reach, push, and assembly (3 seeds, 95% CI). Top: success
rate vs. NFE; bottom: spectral arc length (higher = smoother) vs. NFE. The
DDIM policy (green) has zero success and a jerk spike at one step on every
task, and the one-step jerk spike deepens from reach to assembly; standalone
flow-matching (red) maintains high success and has the highest SAL. The
family ordering matches Push-T.

Fig. 5. MetaWorld assembly rollouts in the simulator: generative family
(rows) × inference steps (columns). Each cell overlays the executed end-
effector path (colored by speed) on the rendered Sawyer arm, with a green
✓ / red × for task success. Only the DDIM diffusion policy fails at one step
(×) and recovers by NFE=4; flow-matching and MeanFlow succeed at every
budget. The family-dependent few-step cost is visible in the rollouts.

5 percentage points of that family’s best observed score and
its SAL is within 3 units of that family’s best observed
SAL, on every environment. This summarizes the curves in
one auditable number, and it differs across families by 4×
even when their saturated task scores are indistinguishable. A
success-only summary would hide this difference.

D. A simple mitigation and its tradeoff

The audit suggests a small control experiment: if few-step
samples are rough, can a cheap change buy smoothness back?
We add a jerk penalty to the training loss, an SNR-weighted
squared third-difference of the predicted clean action chunk,

TABLE III
PER-METHOD NFE BUDGET: THE SMALLEST AUDITED STEP COUNT AT
WHICH BOTH TASK SCORE AND SMOOTHNESS REACH THE HIGH-NFE

PLATEAU, TAKEN ACROSS THE FOUR ENVIRONMENTS. A STRAIGHT-PATH
FLOW-MATCHING POLICY REACHES THE AUDITED THRESHOLD AT ONE

STEP; DDIM NEEDS ROUGHLY FOUR.

Family NFE budget

Flow-Matching (standalone) 1
MeanFlow (u-head) 4
Flow-Matching (v-head) 4
Diffusion Policy (DDIM) 4

Fig. 6. Jerk-aware regularization ablation (3 seeds, 95% CI). Left: worst-case
(NFE=1) spectral arc length rises (motion gets smoother) monotonically with
the penalty weight λ, saturating near λ=10, across all three settings. Right: the
success cost is task-dependent, negligible or positive on Push-T (deployment
NFE=8), but a real tradeoff on long-horizon assembly (NFE=2).

and sweep its weight λ ∈ {0, 1, 3, 5, 10, 20, 30} on Push-
T (Diffusion Policy and flow-matching) and on MetaWorld
assembly (3 seeds each). Figure 6 summarizes the outcome,
and we report it as a knob rather than a new method.

The smoothing is real and agrees across all three of our inde-
pendent metrics. On Push-T DDIM at one step, raising λ drives
mean-squared jerk down by up to 20× (7.2×108→ 3.5×107

across the sweep), log-dimensionless jerk from −18.6 to
−16.0, and SAL from −21.4 to −10.7; the SAL and LDLJ
gains are already near their plateau by λ=10. On the same one-
step Push-T rollout, the path MSJ drops from 6075 to 1951
after the penalty, consistent with removing high-frequency
motion.

The penalty is useful, but its success cost is task-dependent
(Fig. 6, right). On Push-T, multi-step success is unchanged or
slightly improved (DDIM 0.45→0.57 at λ=1; flow-matching
0.59 → 0.67 at λ=10). On long-horizon assembly the same
penalty trades success away (0.77→ 0.58 at λ=10). And the
smoothing is largest at NFE=1, where DDIM does not succeed
anyway, so the regularizer helps most in the regime where it
matters least for that family. Taken literally, a jerk penalty
reliably removes the high-frequency component of few-step
motion and is worthwhile for families that already succeed at
low NFE, but it does not convert a too-few-steps policy into
a working one.

E. Does roughness predict failure? Not reliably

A tempting corollary is that chunk-jerk could double as
a free, label-free runtime signal: flag a rough chunk as a



likely failure and spend an extra step on it. We tested this
directly, logging per-episode the jerk of the generated chunk
against the episode outcome and measuring the AUC of jerk
predicting failure (3 seeds). It does not hold up. For MeanFlow
the signal is seed-unstable (AUC 0.45 to 1.00); for DDIM
it is consistently inverted (AUC 0.21 to 0.36): its failures
are underactuated, low-jerk, under-travelled motion that never
engages the task, rather than jittery. Few-step roughness and
few-step failure are distinct phenomena. That is exactly the
point of the audit: smoothness carries information that success
does not, and cannot be folded into it.

V. DISCUSSION AND LIMITATIONS

What a success-only protocol hides. Picking a one-step
policy on success alone, one would reject DDIM and might
accept MeanFlow at NFE=2, where coverage looks acceptable
but the motion is still markedly rougher than the saturated
regime. The smoothness axis makes that visible.

Limitations. Push-T coverage is a lenient max-over-episode
score, so we interpret it together with success rate and em-
phasize relative trends rather than absolute coverage values.
Our MeanFlow variant is a controlled, equal-budget imple-
mentation checked against the published objective, but not a
fully optimized reproduction of dedicated MeanFlow-policy
systems; the result should therefore be read as an equal-budget
audit of this implementation, not as a general ranking of
MeanFlow. The strong standalone flow-matching result should
be tested at larger scale, on more tasks, and on hardware.
Finally, all experiments are simulated.

Reporting recommendation. For few-step generative poli-
cies, report the task metric together with a smoothness-
versus-NFE curve. We also recommend a per-method NFE
budget: the smallest audited step count at which both task
score and smoothness are within a preset tolerance of that
method’s high-NFE plateau. This keeps the comparison tied
to the deployment question: how many network evaluations
are enough for both success and usable motion?

VI. CONCLUSION

Cutting inference steps is not free, and the cost is method-
dependent. How much task performance and motion smooth-
ness a policy gives up depends on its generative formulation,
and smoothness exposes that structure most clearly at the low
step counts these methods are designed for, where success rate
alone does not. The audit runs on one GPU, and we release
it so that smoothness can be reported alongside success rate.
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