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Abstract— Assessing the deployment performance of learned
robot policies during training is challenging, as directly mea-
suring task success requires costly real-world trials for each
candidate checkpoint. veraged validation loss offers a rollout-
free alternative, but its checkpoint rankings can be inconsistent
with deployment performance. We analyze two limitations of
this criterion: it penalizes action deviations without considering
whether the policy can recover from them, and gives later
reference predictions equal weight even when earlier deviations
may lead execution away from the reference. We propose RACE,
a novel rollout-free metric for ranking checkpoints using a fixed
set of held-out successful trajectories. RACE calibrates action
deviations against state-conditional thresholds derived from
action differences at similar states in these trajectories. We
aggregate these scores through a running product, so that a
substantial deviation reduces the contribution of subsequent
reference predictions. Averaging the resulting cumulative scores
over time and across trajectories yields the checkpoint score.
In simulation, RACE outperforms baselines across validation
sources, while several baselines degrade sharply when the
validation set changes. On real robots, its rankings align with
deployment success across the evaluated policy backbones and
tasks of varying difficulty. Perturbation analyses further show
that RACE distinguishes deviations with markedly different
effects on task success, even when baselines respond similarly.

I. INTRODUCTION

Recent advances in robot learning have enabled manipula-
tion policies to perform an increasingly broad range of tasks
across different embodiments [1]-[6]. As these policies are
trained and adapted to new settings, it remains difficult to
assess how their ability to complete tasks evolves during
training. A decreasing training loss does not necessarily
identify the checkpoint that will perform best in deployment.
Directly measuring task success requires repeated trials on
a real robot, and evaluating the many checkpoints produced
during training therefore incurs substantial robot time and
human effort. This motivates validation criteria that can
identify promising checkpoints and focus hardware evaluation
on a small set of candidates.

To reduce hardware evaluation costs, surrogate-based
approaches evaluate policies in calibrated simulators [7,8]
or learned world models [9]-[12]. However, their usefulness
depends on how accurately the surrogate represents the target
environment, and constructing or adapting it can require
additional data and computation. Rollout-free evaluation
offers a complementary approach: a fixed validation set
is collected once and reused across checkpoints, whereas
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deployment trials must be repeated for each evaluated
candidate. A common criterion is prediction error on held-
out demonstrations, although it can correlate poorly with
closed-loop success [7,13].

This mismatch reflects two limitations. First, smaller action
errors do not necessarily imply higher task success: a closed-
loop policy can correct some deviations, whereas others
prevent task completion. Reducing a recoverable deviation
can therefore lower validation loss without increasing success.
Second, held-out evaluation continues along the reference
trajectory regardless of the policy’s previous predictions. After
a substantial deviation, later reference observations may no
longer reflect the states the policy would encounter [14]-[16],
yet a temporal mean gives their scores equal weight. Oft-
manifold norm [13], a recent alternative, measures deviation
from a local expert action manifold but likewise scores
predictions pointwise, without accounting for how earlier
deviations affect the availability of later execution.

In this paper, we propose RACE (Reference-cAlibrated
cumulative scoring for rollout-free Checkpoint SElection),
a novel rollout-free metric for ranking policy checkpoints
highly aligned with deployment performance using a fixed
set of held-out successful trajectories. RACE -calibrates
action deviations against state-conditional thresholds derived
from action differences at similar states in these trajectories.
To compare deviations across action groups with different
physical units, such as translation and rotation, we measure
each group’s deviation separately and normalize it by its
threshold. Deviations within the threshold receive a group
score of one, while larger relative deviations receive lower
scores, avoiding rewards for closer imitation within the chosen
range. We combine the group scores into timestep scores and
form a cumulative score curve through their running product,
so that a substantial deviation reduces the contribution of
subsequent reference predictions. Averaging this curve over
time preserves the contribution of the trajectory prefix before
a deviation while giving earlier reductions a greater effect
on the score. Finally, we average the trajectory scores across
the reference set, and rank checkpoints in descending order
of the resulting score.

Throughout extensive experiments, we demonstrate the
effectiveness of RACE in both simulation and real-world
settings. In simulation, RACE consistently outperforms the
baselines across validation sets drawn from demonstrations
and policy rollouts, while several baselines deteriorate sharply
when the validation source changes. On real robots, its



rankings remain positively correlated with deployment success
across the evaluated policy backbones and tasks of varying
difficulty. Perturbation analyses further show that RACE
distinguishes perturbations with markedly different effects on
task success, even when baselines respond similarly.

We highlight our key contributions below:

o We identify and analyze two limitations of averaged
validation loss for checkpoint selection: it penalizes
action deviations without considering whether the policy
can recover from them, and temporal averaging ignores
how earlier deviations affect the relevance of later
reference predictions.

o We propose RACE, a rollout-free checkpoint scoring
method that calibrates action deviations using successful
reference trajectories, forms cumulative scores through
running products, and averages them over time and
across trajectories.

o We demonstrate improved checkpoint ranking in standard
held-out demonstration evaluation for both simulation
and real-world manipulation tasks.

II. RELATED WORK

a) Evaluating robot policies: Prior work has sought
to reduce the cost of evaluating robot policies on real
hardware [17]-[19]. Sequential statistical procedures [20,21]
reduce the number of trials by stopping policy comparisons
once sufficient evidence has accumulated, while still relying
on rollout outcomes. Simulation-based [7,8,12] and world-
model-based [9,10,22] evaluators assess candidates through
interactions with a surrogate environment. Hybrid real-sim
approaches combine paired hardware and simulation evalu-
ations through control variates [23] or prediction-powered
inference [24] to obtain confidence intervals on mean real-
world performance with fewer hardware trials. These methods
still rely on rollout outcomes from the policies being evaluated.
RACE ranks checkpoints from their predictions on a fixed
set of held-out successful trajectories, requiring no additional
hardware or surrogate rollouts during scoring. The same
reference set is reused across candidates to support shortlisting
before deployment evaluation.

b) Rollout-free policy evaluation: Off-policy evaluation
(OPE) estimates a policy’s expected return from logged data,
using learned value functions [25,26] or importance-sampling
corrections [27,28]. These approaches use rewards in the
logged data to estimate return. Our setting targets relative
checkpoint ranking from successful reference trajectories,
without per-step reward annotations or a learned return
estimator.

Reward-free model selection has also been studied for
imitation learning [29]. Validation action MSE is a common
criterion, yet it can correlate poorly with deployment per-
formance [7,13]. It penalizes action discrepancies without
considering whether the policy can recover from them. Oft-
manifold norm [13] measures the component of a predicted
action outside a local subspace formed by expert actions at
nearby states. Both criteria score predictions at recorded obser-
vations without adjusting the contribution of later predictions

for earlier deviations. RACE derives thresholds from action
differences at similar states in successful reference trajectories
and converts deviations beyond these thresholds into lower
timestep scores. The running product of these scores forms
a cumulative score curve, reducing the contribution of later
reference predictions after substantial earlier deviations. We
rank checkpoints by averaging cumulative scores over time
within each trajectory and then across reference trajectories.

III. MAIN METHOD

In this section, we introduce RACE, a novel rollout-
free validation metric for policy checkpoint selection highly
correlated with deployment performance. We first formulate
the checkpoint selection problem (Section III-A), then illus-
trate the limitations of averaged prediction error through a
motivating example (Section III-B), and finally present the
scoring method (Section III-C).

A. Problem Formulation

Training a policy 7 typically yields a sequence of Neip
checkpoints IT = {71, ..., 7N, } saved at successive gradient
steps. Each checkpoint’s quality is typically measured by its
closed-loop success rate:

J(m) = Pr[3t <T: s € Ssuccess) s
PO,

where pg is the initial-state distribution, 7" is the episode
horizon, and Sgyccess indicates the set of successful states.
Because J(7) can only be estimated through deployment
at environments, evaluating every 7 scales poorly with |II|
and may be unsafe on real hardware. We therefore study
rollout-free checkpoint selection: given a held-out set of
successful reference trajectories Dy, = {T(j )}jy:”"il, we seek
a scoring function S(m; Dy,)) that ranks candidates without
executing rollouts, using only each policy’s predictions on
Dyal, such that its induced ranking is highly correlated with
the deployment ranking under J. The reference trajectories
may be demonstrations or previously collected successful
policy rollouts.

B. Pitfall of Averaged Prediction Error

A common rollout-free criterion for checkpoint selection
is the averaged prediction error on held-out demonstra-
tions [7,13]. Given a policy 7 and validation set Dy, let
¢y = L(m(ot),a;) denote the per-step prediction error at
timestep ¢, where £ is a distance metric matched to the
policy’s output space (e.g. MSE for deterministic policies,
flow-matching or negative log-likelihood for generative ones).
it averages errors within each trajectory and then across
trajectories, giving each demonstration equal weight. The
criterion selects the checkpoint maximizing:
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where T); denotes the length of trajectory j.

To illustrate the limitation, we provide two hypothetical
policies evaluated on the same held-out demonstration (Fig. 1).
Policy 74 closely reproduces the reference actions at most
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Motivation and key idea of RACE. (a) Both policies are evaluated on the held-out demonstration. Policy 74 deviates from the demonstrated

route and breaks the cup, whereas wp reaches the destination despite persistent smaller deviations. (b) Averaged prediction error dilutes the large deviation
of w4 with smaller errors elsewhere, giving it a lower mean squared error than 7wp. (c) Deviations within a reference-derived threshold receive a timestep
score of one; larger deviations receive lower scores. Running products reduce the contribution of later predictions, as illustrated by two successive updates
in the small bars. Averaging the cumulative scores over time correctly selects 7. Higher scores are preferred.

timesteps, but one of its actions causes task failure during
execution (e.g., dropping the object beyond the robot’s reach).
Policy g differs more frequently from the reference actions
at many timesteps, but it resides in tolerable region and
completes the task. Despite these contrasting outcomes, 74
can obtain a lower average prediction error because its many
small errors dilute the isolated large deviation. The mean-error
criterion would then misleadingly select w4 over 7p.

These observations suggest two considerations for design-
ing rollout-free evaluation criteria. First, action prediction
errors need not translate directly into task failure. A closed-
loop policy may correct some deviations through subsequent
actions, whereas other deviations can prevent task completion.
Reducing an error from which the policy can recover therefore
need not improve its success rate, even though it lowers the
validation loss. This motivates calibrating prediction errors
before aggregating them, rather than treating every numerical
reduction as an improvement in checkpoint quality. Second,
averaged prediction error scores each prediction at a recorded
demonstration observation, regardless of the policy’s earlier
predictions. If an earlier deviation would cause execution to
depart from the reference, predictions at subsequent timesteps
may no longer describe the policy’s closed-loop behavior. This
motivates reducing the contribution of later validation steps
following a substantial deviation.

C. RACE

RACE evaluates checkpoints in two stages (Fig. 2).
First, state-conditional calibration compares action deviations
against thresholds derived from reference actions at similar
states, yielding timestep scores in [0,1] (Section III-C.1).
Second, temporal aggregation forms running products of
these scores, so that a low score reduces the contribution of
later reference predictions. Averaging the resulting curves
over time and across trajectories gives the checkpoint score
(Section III-C.2).

1) State-Conditional Calibration: We first describe how
to assign a timestep score p; € [0,1] to a single predicted
action chunk. At observation oy, let a; = (a¢, ..., a4 m-1)
denote the reference action chunk of length H, and let a;

denote a chunk predicted by the policy.

Group distances As action components differ in physical
units and geometry, computing a single Euclidean distance
over the full action vector can therefore overemphasize
components with larger numerical scales and misrepresent
rotational differences. To resolve this, we first restore actions
to their physical units and partition them into G groups, such
as translation and rotation. We compute distances separately
for each group, using Euclidean distance for Euclidean
components and the geodesic angle on SO(3) for rotations.
For chunked predictions, we aggregate these distances over
the prediction horizon. Averaging all timestep distances can
dilute a brief but large deviation. We therefore define D,
as the mean of the largest 50% of the timestep distances
within group g, giving greater weight to larger deviations.
The predicted chunk’s deviation in group g is

5t,g = Dg(ét,at) .

Reference thresholds To determine which deviations
to penalize, we use differences between actions taken at
similar states in successful reference trajectories. Our design
treats deviations within a chosen range of these differences
as acceptable and penalizes larger deviations. Because this
range can vary across states, we introduce state-conditioned
threshold: for each observation o;, we retrieve the k nearest
reference observations in D, using frozen visual features
and proprioception, then compute pairwise distances between
their action chunks using the same D,." We set 7,(0) to the
g-quantile of these distances. The quantile level ¢ controls the
coverage of this reference range: larger values yield higher
thresholds and penalize only larger deviations. The resulting
threshold is tighter where nearby reference actions are more
consistent (e.g. fine-grained placement) and looser where they
differ more (e.g., free-space movement).

Timestep scores To compare deviations across action
groups on a common relative scale, we divide each group
deviation by its own threshold. Deviations within the threshold
receive a score of one, so closer imitation within this

IFor joint-velocity control, pairs are restricted to the same reference
trajectory; for task-space control, pairs may also span trajectories.
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Fig. 2. RACE scoring procedure. (a) We compare predicted and reference action chunks within each action group to obtain d¢ 4. (b) Distances
between eligible pairs of reference chunks define a distribution whose quantile at level g gives the state-conditional threshold 74 (o¢). The representation,
neighborhoods, and thresholds are shared across candidate checkpoints. Both comparisons use the same group distance Dg; the illustrated configuration
averages the largest 50% of within-chunk timestep distances in physical units. (c) Threshold-normalized deviations yield group scores, which a soft minimum
combines into p; € [0, 1]. (d) We form running products of the timestep scores, then average over time and across trajectories to rank checkpoints. Higher
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range does not improve the score. Beyond the threshold,
an exponential decay penalizes the relative excess:

Wi,g = €XP

-
ng(ot) + ,
where [z]; = max(z,0).

We combine the group scores using a normalized soft
minimum. This aggregation is symmetric across groups while
giving greater influence to lower scores from any group:

18
el Zexp(—wt,g)
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We can also evaluate M action chunks predicted at the same
observation. We score each chunk using the same reference
and thresholds then average the resulting scores as p; =
i Zm 1 pt , where pff“) is the score of the m-th chunk.
Scoring each chunk before averaging preserves the effect of
deviations above the threshold that averaging raw distances
may conceal. Empirically, averaging over multiple chunks
yields more stable scores and improves checkpoint-ranking
accuracy compared with a single sample.

pt = —log

2) Temporal Aggregation: To reduce the contribution of
later predictions after substantial deviations, we form the
running product of the timestep scores. For trajectory 7(7),
we initialize Cjj () — 1 and define

C C(J)

H p(J).

A timestep score of one leaves the cumulative value un-
changed, whereas a lower score reduces it from that point
onward. Repeated low scores compound this reduction. We
score each trajectory by its mean cumulative score over the T}
evaluated timesteps, equivalently the normalized area under

the cumulative score curve (AUC):
1 i C(j)
;= '
An earlier decline lowers more terms in this mean, while the
preceding trajectory prefix retains its contribution.

Finally, we get the final score S(7; Dya1) by averaging the
trajectory scores over the held-out set:

ng) _

1 Nval
S(m: Doat) = 57— > 8.
va. J 1

For the candidate set II, we compute {S(7; Dya1) }remr and
rank checkpoints in descending order of their scores.

IV. EXPERIMENTS

We design our experiments to answer three questions:

o Can RACE rank checkpoints more reliably from held-
out demonstrations, and retain useful rankings with other
successful reference sources? (Section IV-A)

« Does it support real-robot checkpoint selection across
policy families and task demands? (Section I'V-B)

o Which scoring choices contribute to ranking quality,
and how do changes in successful references affect it?
(Section IV-C)

Baselines: We compare three criteria on held-out demon-
strations: Validation Loss, the behavior-cloning training ob-
jective, Validation MSE, the mean squared action prediction
error independent of the training objectives, and Off-Manifold
Norm [13], the residual norm after projection onto a local
basis formed from the & nearest neighbors. For visibility, we
negate all baseline values so higher scores are preferred like
our proposed score.

Metrics: Let y; denote the empirical success rate of
checkpoint ¢ and s; its offline criterion score (higher is better).
Spearman correlation p measures agreement between the



TABLE L.

Rollout-free checkpoint ranking on DexMimicGen. All criteria utilizes the same 10 successful trajectories per source to rank 12 checkpoints

per run. Entries are means with 95% hierarchical bootstrap intervals, averaged over 10 training seeds per task and then eight tasks. Arrows indicate better
values; bold marks the best mean per metric within each source. See Section IV for the evaluation protocol.

Validation source Criterion Hit@11 Hit@31 Hit@51 pT MMRV| nRegret]
RACE 0.4410230651 0.7510590901 0.95(0.88,1.001  0.8310720921  0.03010.01200531 0.08210.035,0.142]
Held-out Demos Validation Loss 0.3110.120531 0.5910330821 0.7510490971  0.521001.0931  0.04210011,00881 0.238(0.030,0.504]
u Validation MSE 0.0010.00,0001 0.0810.000.171 0.20(0.040401 —0.22(-0.620201 0.12210.0680.180] 0.495(0325,0.660]
Off-Manifold Norm 0.250.11,0401 0.5410330741 0.7210460941  0.6010220871  0.0420.022,00671 0.146[0.052,0.288]
RACE 0.2710.12,0451 0.6210380831 0.9010.77,1001  0.791069.0881  0.03410.021,00471 0.11310.049,0.186]
Rollouts Validation Loss 0.03 10000100 0.1270020271 0.15(0.030301 —0.10(-0450251 0.13610.086,0.190 0.402(0.298,0.514]
Validation MSE 0.0810020.181 0.221005,0401 0.30(0.12050 —0.06(-027.0.161 0.12910.0840.1771 0.4801(0343,0.633]
Off-Manifold Norm 0.1710070271 0.371023050 0.5510420681  0.5310.390661  0.068[0.047,00041 0.164[0.123,0207]
RACE 0.3210.190491 0.6910520851 0.91(08109  0.78068086  0.035(0.021,00531 0.0810.0530.116]
Noised Rollouts Validation Loss 0.0010.00,0001 0.0410000.111 0.090.01,019 —0.47 [-0.68-0.157 0.15410.10502021 0.613 [0.462,0.773]
Validation MSE 0.0910000211 0.2910.11,0491 0.3910.170611  0.30(-0050611  0.08310.041,0.130 0.2880.148,0.443]
Off-Manifold Norm 0.061001,0141 0.3110.160471 0.4270250591  0.3010.050521  0.0850.0550.1221 0.276[0.185,0.405]

rankings induced by s; and y;. Hit@K (K € {1,3,5}) is
the fraction of runs in which the empirically best checkpoint
is among the criterion’s top-K candidates. nRegret measures
the success-rate gap between the empirically best checkpoint
and the criterion’s highest-scoring checkpoint, normalized by
the best-minus-worst success-rate range. Mean Maximum
Rank Violation (MMRYV) averages each checkpoint’s largest
success-rate gap among its pairwise ranking disagreements,
assigning zero when none occur. Thus, ranking errors involv-
ing larger performance gaps incur greater penalties. We refer
to [7] for the formal definition.

A. Simulation Experiments

Setup: We evaluate eight DexMimicGen [30] tasks,
excluding Transport. The action partition follows the robot
embodiment and its control interface. For bimanual Franka
with parallel grippers (Threading and Three Piece Assembly),
each arm contributes separate end-effector translation and
rotation groups, giving G' = 4, and binary gripper commands
are excluded. For bimanual Franka with dexterous hands
(Box Cleanup, Lift Tray, and Drawer Cleanup), each hand’s
absolute joint-position vector forms one additional group,
giving G = 6. For GR-1 (Pouring, Coffee, and Can Sort), we
group the absolute joint positions of each arm and hand
separately, giving G = 4. Translation and joint-position
vectors use Euclidean distance, while rotations use the
geodesic angle on SO(3).

For each task, we train flow-matching Chi-UNet poli-
cies [13,31] using behavior cloning on 500 demonstrations
following RoboMimic [32], aggregated with 10 independent
training seeds. Each run yields 12 checkpoints saved every
50 epochs over 600 epochs. Each checkpoint’s empirical
success rate is the mean of its own 200 deployment rollouts.
To test each metric under varying degrees of distribution
shift, we construct a separate validation set of 10 successful
trajectories for each of the following three sources: (i) Held-
out Demonstrations are from expert trajectories matching
the training distribution exactly but not used for training.
(ii) Rollouts denote successful closed-loop trajectories from
the separately trained policy, introducing mild shift through
the policy’s own state visitation, and (iii) Noised Rollouts
are collected using successful rollouts from the same policy

perturbed with Gaussian action noise of standard deviation
0.02, clipped to £0.05, representing the largest shift.

For each reference source, we compute metrics per training
run, average the 10 seeds within each task, and then
average the task means with equal weights. We draw 10,000
hierarchical bootstrap resamples: each resample draws tasks
with replacement, then training seeds with replacement within
each sampled task, and recomputes the same aggregate. The
notation [L, U] denotes the lower and upper bounds of the
resulting 95% bootstrap interval.

Results: As shown in Table I, RACE achieves the
strongest ranking quality across all metrics and configurations.
Crucially, RACE maintains stable scores as the validation
distribution shifts from clean demonstrations to noisy rollouts,
whereas baselines like Validation Loss and Off Manifold
Norm collapse significantly under distribution shift and exhibit
negative correlation values. These results confirm that RACE
provides a reliable ranking signal regardless of how the
validation trajectories are collected, a critical property for
real-robot workflows where clean demonstrations are scarce.

B. Real-World Experiments

To validate that RACE generalizes beyond simulation,
we evaluate it on real-robot manipulation tasks using two
policy architectures of different scales: a task-specific dif-
fusion policy trained from scratch and a large pretrained
VLA fine-tuned on in-domain data. All experiments use a
Franka Research 3 arm following DROID [33] hardware and
software setup, with task-specific demonstrations collected via
teleoperation. In both settings, held-out demonstrations unseen
during training serve as the validation set, and baselines and
ranking metrics follow the same protocol as in Section IV-A.
To support reliable empirical comparison, we evaluate each
of 10 checkpoints with 30 deployment rollouts on each of
three tasks, yielding 30 x 10 x 3 = 900 real-robot evaluations
per policy family and 1,800 in total.

Diffusion Policy Experiments:

Setup: We fine-tune DROID Diffusion Policy [33]
with pre-trained ResNet-50 encoder using two exterior left
camera views. The policy is co-trained with the DROID
dataset for 50 epochs on 20 task-specific demonstrations and
checkpointed every 5 epochs. We evaluate on three tabletop
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per checkpoint; marker shape and color distinguish tasks. Policies use joint-velocity control and are fine-tuned on 20 target-task training demonstrations per
task. Each task uses 30 held-out validation demonstrations, 10 candidate checkpoints, and 30 deployment rollouts per checkpoint (900 rollouts across the
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tasks—PnP Apple, Put Pan on Stove, and Put Pet on Shelf—
each validated against 30 held-out demonstrations. The policy
predicts relative end-effector translation and rotation, with
rotations represented in 6D [34], together with a binary gripper
command. For scoring, translation and rotation form two
separate groups (G = 2), and the gripper is excluded. We use
Euclidean distance for translation and convert the 6D rotation
representation to SO(3) before computing the geodesic angle.

Results: As shown in Fig. 3, standard baselines strug-
gle in this setting: Validation Loss and Validation MSE
produces highly negative correlation values and reverses
the true checkpoint ranking. While Off-Manifold Norm
recovers moderate correlation, this result is mainly due to
the separation of early checkpoints, and all other checkpoints
are indistinguishable. In contrast, RACE consistently ranks

checkpoints in alignment with deployment success across all
three tasks, demonstrating its robustness and reliability for
real-robot checkpoint selection.

VLA Experiments:

Setup: To test RACE on longer-horizon tasks that
require precise sequential manipulation, we fine-tune 7 5-
DROID [2] using wrist camera and a single exterior left
camera view. The policy uses 7-DoF joint-velocity control.
We train and evaluate on 3 tasks with varying difficulties:
Nest Cups, Put Two Cubes, and PnP Three Fruit. All tasks
are trained with 20 demonstrations and validated against 30
held-out demonstrations. For scoring, each arm joint forms a
separate scalar group (G = 7), with the absolute difference
between predicted and reference joint velocities as its distance.
The binary gripper command is excluded.



TABLE II. Perturbation Analysis We apply different scale of perturbations
on trained policies for Box Cleanup tasks, and compared changes relative to
the original policy using 50 fixed scenes.

Variant ASuccess AMSE AOff-Man. ARACE
Uniform (0=0.05) -4.0%P -2.46% 2.51% -1.42%
Bottleneck (6=0.2) -40.0%P -2.47% -2.00% -52.69%

TABLE III. Component and temporal ablations across four tasks. (a)
Removing calibration threshold uses ¢ = 1.0 for all groups, and removing
state conditioning fixes the threshold across states. (b) Both reductions use
identical timestep scores. Means are shown above 95% hierarchical bootstrap
intervals. Bold marks the best value per column within each panel.

(a) Component ablation

Setting pT MMRV] nRegret|
0.76 0.040 0.096
Full [0.66,0.86]  [0.02,0.07] [0.05,0.15]
. 0.69 0.048 0.148
w/o action group [0.56,0.81]  [0.03,0.07] [0.09,0.21]
. 0.31 0.093 0.363
w/o calib. threshold (011,052 (0050131  [0.29,044]
0.42 0.083 0.334

w/o state cond. [0.20,0.68]  [0.03,0.14] [0.19,0.47]

(b) Temporal aggregation

Setting pT MMRV] nRegret|
0.63 0.052 0.180

Mean [0400.78]  [0.020.10]  [0.09,0.33]
0.76 0.040 0.096

Cumulative scoring (066086  [002007]  [0.050.15]

Results: As shown in Fig. 4, the baselines recover
moderate correlation in this setting, yet RACE leads by
a clear margin. The gap is most pronounced on Put Two
Cubes and PnP Three Fruit, where longer horizons amplify
compounding errors that one-step losses fail to capture.
We hypothesize that baselines perform better here than
in the Diffusion Policy setting because 7y 5’s large-scale
pretraining provides well-structured representations, ensuring
that validation loss tracks genuine policy improvement rather
than overfitting. Nevertheless, RACE still outperforms all
baselines by a consistent margin and, across both architectures,
reliably selects near-optimal checkpoints on real hardware
with irreducible variables from human operators and sensor
noise.

C. Analyses and Ablation Studies

a) Perturbations with similar prediction error: The
motivating example in Section III-B raises a practical question:
can similar prediction errors accompany different deployment
consequences? On Box Cleanup, we perturb one trained policy
uniformly (¢ = 0.05) or at bottlenecks (i.e., robot aligning
the box lid to the box) (o = 0.2), matching average prediction
error and evaluating 50 paired rollouts from identical initial
states. Despite similar MSE and Off-Manifold Norm changes,
bottleneck perturbations degrade success and RACE scores
more strongly (Table II). This supports the complete score’s
sensitivity to consequential deviations. Success-difference
ranges use paired resampling; offline metric changes are
point estimates.

b) Component ablation: To identify which design
choices contribute to ranking, we remove action grouping
(Grp), threshold scoring (Thr), or state-conditional adaptation
(SC) on Coffee, Drawer Cleanup, Pouring, and Three Piece

TABLE IV. Task-specific versus shared settings. Means over 24
task/reference-source combinations across eight tasks, with 95% hierarchical
bootstrap intervals shown below. Shared (task k) varies only neighborhood
size k. Bold marks the best value per column.

Setting pT MMRV] nRegret|
0.80 0.033 0.090
Tuned [0.74086]  [0.02005]  [0.060.12]
0.75 0.037 0.110
Shared (task k) 0670811  [0.03.0.05] [0.08,0.15]
0.69 0.038 0.135
Shared [0.57,0.78]  [0.03,0.05] [0.10,0.17]

TABLE V. Real-world reference-set analyses. (a) Adding successful
final-policy rollouts to held-out demonstrations on PnP Apple. (b) Using
successful policy rollouts containing a random 3-5 second pause. p denotes
Spearman correlation in (a) and Pearson correlation in (b). Values are point
estimates.

(a) Rollout augmentation (b) Temporal artifacts

Reference set pT MMRV]  Reference set pT MMRV]
Held-out 0.834  0.230 Held-out 0.834  0.230
+ Rollouts 0.920 0.070 Paused Rollouts 0.801  0.194

Assembly. Each removal lowers aggregate ranking quality
(Table III(a)), supporting comparisons that account for het-
erogeneous action units and calibrate deviations against state-
relative reference variation.

c) Temporal aggregation: The perturbation comparison
evaluates the complete score; to separate temporal aggregation
from calibration, we compare the per-trajectory mean of
identical stored p; values with cumulative scoring (Section III-
C.2), which averages their running products over time. Both
methods then average trajectory scores with equal weights.
Candidates, references, thresholds, sampled predictions, and
deployment outcomes are fixed. Across four DexMimicGen
tasks, cumulative scoring improves ranking correlation and
lowers selection regret compared with the mean (Table III(b)).
This supports reducing the contribution of later reference
predictions after a substantial deviation, beyond calibrating
individual timestep scores.

d) Shared scoring settings: To assess tuning burden,
we compare task-specific (Tuned), fully Shared, and Shared
settings with task-specific neighborhood size k across the
22 task/reference-source combinations spanning the eight
DexMimicGen tasks. Fully Shared settings reduce ranking
quality relative to Tuned (Table IV). Allowing only k to vary
by task recovers part of the gap, indicating that adapting
neighborhood size provides some of the benefit of task-
specific tuning while sharing the remaining settings.

e) Augmenting with rollouts: On PnP Apple, supple-
menting held-out demonstrations with successful final-policy
rollouts improves checkpoint ranking (Table V(a)). This
suggests that successful policy rollouts can complement held-
out demonstrations as reference data, improving selection
without changing the scoring rule.

f) Robustness to temporal artifacts: To examine ref-
erence trajectories containing idle segments, we collect
successful policy rollouts with a random 3-5 second pause
at a randomly chosen point in each rollout (Table V(b)).
Checkpoint rankings remain comparable to those obtained
with held-out demonstrations, with slightly lower correlation
but lower MMRV. These results suggest that successful
references containing idle segments can still provide useful



information for checkpoint selection.

V. CONCLUSION

We present RACE, a novel rollout-free checkpoint selec-
tion metric that converts action deviations from successful
reference trajectories into a normalized score. RACE provides
a practical way to compare robot policy checkpoints before
deployment using a reusable set of successful trajectories. Our
simulation and real-robot results show that RACE rankings
align more closely with task success than those based on
averaged prediction error. This can support more informed
decisions during policy development, from tracking progress
across checkpoints to focusing limited robot evaluation on
promising candidates.

Despite of its advantages, RACE has two limitations. First,
even though action variation at nearby successful states is a
proxy for tolerable deviation, but it cannot establish whether
a candidate policy would recover from an error or predict its
behavior at unseen states induced by its own actions. Second,
RACE provides a relative ranking, not a calibrated success-
rate estimate, and selected candidates still require deployment
validation.
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