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Predict Before You Deploy: Offline Prediction of Quantization-Induced
Task Degradation for World Action Models
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Abstract— World action models (WAMs) rely on video-
generation backbones, requiring substantial memory and com-
pute for deployment. Post-training quantization reduces mem-
ory and can accelerate inference, but bit width, grouping, and
quantizer choice define a large configuration space. Identi-
fying configurations that preserve task performance through
exhaustive closed-loop evaluation is costly. We propose PreDE
(Predict Before You Deploy), a policy-calibrated framework for
predicting quantization-induced task degradation from offline
action deviations. Using closed-loop outcomes from a small
development set, PreDE calibrates two thresholds and accepts,
rejects, or defers new configurations using a fixed observation
log. Under a within-setting label-ordering hypothesis, the rule
issues decisions where all thresholds consistent with the devel-
opment labels agree. Across five WAMs and four benchmark
settings, quantization produces configuration-dependent task
losses that cannot be explained by bit width alone or a shared
deviation threshold. Across 28 held-out configurations from two
policies, PreDE issued 21 decisions before observing closed-
loop outcomes (75% coverage), all matching the observed
acceptable or degraded labels. Deferred candidates included
both acceptable outcomes and a 33-percentage-point loss. In
450 Franka Research 3 trials across two independently fine-
tuned policies, all configurations assigned to high-deviation
groups before testing showed significant degradation, while
low-deviation comparisons showed no statistically significant
degradation. On the real robot, W4A4 achieved a 1.37x action-
query speedup and approximately 44% lower peak memory.
These results support policy-specific behavioral calibration for
quantization configuration selection while identifying candi-
dates that require closed-loop evaluation. The code is available
at https://github.com/jiuyixu25/PreDE.

I. INTRODUCTION

World action models (WAMs) combine video generation
and action modeling for robot control [1]-[5], but their large
backbones impose substantial memory and computational de-
mands on deployment. Post-training quantization (PTQ) [6]—
[9] can reduce these demands without retraining the policy.
However, its deployment value depends on retaining ade-
quate task performance. Selecting a quantization configura-
tion involves weight and activation precision, grouping, layer
coverage, and quantizer design. These choices produce can-
didates with different resource requirements and behavioral
effects, even at the same nominal bit width. Evaluating every
candidate in closed loop reveals its task performance but
requires repeated simulator or robot interaction. We therefore
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ask: can we predict whether a new quantization configuration
will degrade task performance before evaluating it in closed
loop?

Offline action comparison provides an accessible signal:
replay identical observations through the reference and quan-
tized policies and measure their action deviations. However,
task success depends on the consequences of action changes
throughout a rollout, and deviation magnitudes need not
have the same significance across policies. Our experiments
show sharply different outcomes for grouped and per-channel
three-bit Cosmos configurations, as well as a cross-policy or-
dering reversal: at three bits, Fast-WAM suffers a larger task
loss than Cosmos despite a smaller mean action deviation.
Within the initial Cosmos and UVA development sets, ac-
ceptable configurations nevertheless have smaller deviations
than degraded configurations. These observations motivate
interpreting offline deviation through behavioral evidence
specific to the policy and evaluation setting.

We propose PreDE (Predict Before You DEploy), a
policy-calibrated framework for predicting quantization-
induced task degradation. A small development set pairs
offline action deviations with closed-loop outcomes to es-
tablish acceptance and rejection thresholds. For each new
candidate, PreDE compares its actions with cached reference
actions on a fixed observation log. It accepts candidates at
or below the acceptance threshold, rejects those at or above
the rejection threshold, and defers intermediate candidates to
closed-loop evaluation. After calibration, issuing predictions
requires only offline policy queries. Deferred candidates
require further interaction if a deployment decision is needed.
We provide a post hoc formalization of this rule through
a within-setting single-crossing hypothesis: acceptable and
degraded outcome labels can be separated by an unknown
deviation threshold, while unresolved outcomes impose no
constraint. Under this hypothesis, the two thresholds delimit
the interval of thresholds consistent with the development
labels. PreDE decides where these thresholds agree and
defers where they disagree. This interpretation explains the
max/min construction and deferral interval, with conclusions
conditional on the ordering hypothesis.

We evaluate PreDE through cross-model quantization
measurements, held-out prediction, and physical robot ex-
periments. The broad evaluation spans five WAMs and four
benchmark settings. Across 20 Cosmos Policy and eight
UVA held-out configurations, PreDE issues 21 decisions
(75% coverage), all matching the observed acceptable or
degraded outcome labels. These predictions are determined
before observing candidate closed-loop outcomes. Deferred
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candidates include both acceptable outcomes and a 33-
percentage-point loss, demonstrating that deferral does not
imply mild degradation. In a separate 450-trial Franka Re-
search 3 experiment, all tested configurations assigned to
high-deviation groups before trials show significant degra-
dation. This physical grouping study provides complemen-
tary behavioral evidence without transferring the simulation
thresholds. On the robot, W4A4 quantization of Cosmos
Policy provides a 1.37x action-query speedup and approxi-
mately 44% lower peak memory.

Our contributions are threefold:

o We propose PreDE for predicting quantization-induced
task degradation from offline action deviations, and
formalize its acceptance, rejection, and deferral regions
under a within-setting label-ordering hypothesis.

o We evaluate predictions on 28 held-out configurations
from two WAM policies, with decisions determined
before observing closed-loop results, and report pre-
diction results, decision coverage, label ordering, and
measurement sensitivity.

e We characterize quantization outcomes across five
WAMs and four benchmark settings, and present a
separate real-robot study of behavioral degradation and
the latency and memory benefits of quantization.

II. RELATED WORK

a) Robot foundation policies and world action mod-
els: Generalist robot policies such as OpenVLA [10] and
Octo [11] learn control from diverse demonstrations. World-
model-based policies further connect actions with visual
dynamics. Cosmos Policy adapts a pretrained video diffusion
model to generate actions and predict future states [1].
UVA learns a joint video—action representation with separate
decoding paths [2], while mimic-video uses video represen-
tations for action prediction [3]. RynnVLA-002 integrates
vision-language-action learning with world modeling [4], and
Fast-WAM investigates the role of future prediction during
training and inference [5]. We evaluate quantization across
these WAMs, whose architectures and action interfaces mo-
tivate policy-specific behavioral assessment.

b) Post-training quantization: PTQ methods reduce nu-
merical precision while controlling the resulting approxima-
tion error. Round-to-nearest (RTN) provides a basic rounding
rule for uniform quantization [12]. GPTQ uses approximate
second-order information for weight quantization [13], and
AWQ uses activation statistics to identify and protect salient
weight channels [14]. SmoothQuant redistributes quantiza-
tion difficulty between weights and activations through an
equivalent scaling transformation [15]. HQQ provides weight
quantization without calibration data [7]. For diffusion mod-
els, Q-Diffusion addresses quantization of iterative denoising
networks [16], while PTQD models and corrects quanti-
zation noise within the denoising process [17]. PTQ4DiT
addresses salient channels and timestep-dependent activa-
tion variation in diffusion transformers [18]. SVDQuant
absorbs outliers into a low-rank component [6], and ViDiT-
Q studies diffusion-transformer quantization for image and

video generation [9]. These methods construct low-precision
candidates and we study their effects on closed-loop task
outcomes.

¢) Quantization of robot policies: Recent methods ad-
dress quantization for robot control. QuantVLA introduces
scale-calibrated PTQ for VLA backbones and diffusion
action heads [19]. Mix-QVLA uses task-evidence distor-
tion and execution-dependent sensitivity to guide mixed-
precision allocation [20]. SQIL incorporates saliency into
quantization-aware imitation learning [21]. These approaches
optimize compressed policies. Deferral follows the principle
of withholding predictions when evidence is insufficient [22],
[23]. In PreDE, this differs from rejecting a configuration
as likely to degrade. Prior work on learning from human
demonstrations also shows that offline validation loss can
be unreliable for selecting policies by task success [24].
PreDE instead judges new configurations produced by ex-
isting quantizers. It uses development closed-loop outcomes
to calibrate offline action deviation, then accepts, rejects,
or defers unseen candidates. We evaluate predictions fixed
before candidate outcomes, reporting decision coverage and
unresolved results.

III. DEVIATION TOLERANCE IN CLOSED LOOP

a) Observation: Our broad quantization evaluation
shows that nominal precision alone does not determine task
performance: grouped and per-channel three-bit Cosmos con-
figurations produce substantially different outcomes (Sec. V-
B). Offline action deviation provides a complementary signal.
In the initial Cosmos development set, the largest deviation
among acceptable configurations is 0.02191, while the small-
est among degraded configurations is 0.09736. The corre-
sponding UVA development values are 0.0049 and 0.00925.
These development results exhibit a separation between
acceptable and degraded configurations. The interpretation
of deviation nevertheless depends on the evaluation setting:
Fast-WAM W3 degrades at a smaller deviation than Cosmos
HQQ W3 tolerates. These observations motivate the within-
setting ordering hypothesis below. The hypothesis is a post
hoc formalization of the method.

b) Hypothesis H (single crossing within a setting):
For a fixed policy, task distribution, control condition, of-
fline measurement protocol, and outcome-labeling rule, there
exists a threshold 6 such that every configuration labeled
acceptable has §(¢q; D) < 6 and every configuration labeled
degraded has d(q; D) > 6. Unresolved outcomes place no
constraint on #. An acceptable configuration with deviation
greater than or equal to that of a degraded configuration
contradicts H within the same setting.

c) A sufficient condition for tolerance: A conditional
robustness argument motivates tolerance to small perturba-
tions. Suppose the reference and quantized rollouts start from
the same state. Let e > 0 bound the action perturbation
over the rollout, and let Kz > 0 bound its effect on state
discrepancy over an executed chunk of H steps. Assume
the discrepancy at query ¢ satisfies 7,11 < pry + Kpge, with
ro=0and 0 < p < 1. Then r; < Kpye/(1—p). If remaining



within distance m of the reference trajectory preserves task
success, the condition Kpe/(1 — p) < m is sufficient
to preserve a successful reference rollout. An additional
uniform bound e < ¢d(g; D) for some ¢ > 0 would yield
the sufficient condition 6(q; D) < m(1 — p)/(Kgc). PreDE
therefore calibrates its decision thresholds empirically.

d) Consequences for a decision rule: Let C be a
development set with closed-loop labels (Sec. IV), C4 and
Cp its acceptable and degraded members, and

6acc = {?61%); 5(q, D)a 6rej = ngiCI}l% 6((]7 D) (1)
Under this threshold model, when C'4 and C'g are nonempty
and ducc < Orej, the max/min thresholds are exactly the
endpoints of the interval of thresholds consistent with the
definite development labels, O(C) = [Jacc; Orej)-

Proposition 1 (Agreement region): Assume H holds for
the setting and ©(C) is nonempty. Then § € ©(C). For
5(q; D) < Jacc, every consistent threshold excludes a de-
graded label. For § (g; D) > 6rej, every consistent threshold
excludes an acceptable label. For Gucc < 6(¢; D) < Grejs
consistent thresholds place the candidate on different sides
of the threshold. Hence a rule that accepts at or below
Jacc, TEjects at or above dy.j, and defers in between accepts
no configuration labeled degraded and rejects none labeled
acceptable.

Proof: Acceptable labels imply d,.. < 6, and degraded
labels imply 6 < dycj. Thus 8 < Sace excludes a degraded
label, while § > Orej excludes an acceptable label. For any
Jacc < & < Orej, the consistent thresholds 67 = Jacc and
02 = x place x on opposite sides of the threshold rule. W

Proposition 2 (Refinement): Suppose both development
subsets are nonempty and ©(C') = [Jacc, Orej) is NONempty.
Adding an evaluated configuration never enlarges ©(C'). The
inclusion is strict if and only if the new outcome is acceptable
with § > e oOr degraded with § < ;. An unresolved
outcome leaves the set unchanged. A contradictory label can
make the consistent set empty.

With fixed labels and deviations, additional development
evidence can tighten the interval or expose an inconsistency.
Under H, tightening can increase coverage without introduc-
ing a disagreement with a definite outcome label.

IV. METHOD

A. Problem formulation and offline measurement

Given a reference policy 7, a quantization configuration ¢
specifies precision, grouping, layer coverage, and quantizer,
producing a quantized policy 7,. Under a fixed task distribu-
tion and control condition, let py and p, denote their closed-
loop success probabilities, with task loss L(g) = po—p,. The
condition fixes observation preprocessing, action parameteri-
zation, chunk length, execution rate, and denoising steps. Our
goal is to predict degradation for a new configuration before
evaluating it in closed loop. PreDE uses a fixed observation
log D and a development set C' of quantized configurations
with measured closed-loop outcomes (Fig. 1).

For each observation in D = {o;}},, the reference
and candidate receive identical inputs and matched action-
generation seeds. Let aﬁ,clfj and af, ; denote their actions at
chunk step h and component j. We measure mean absolute

component deviation:

_ 1 SRy
5(q;D):m;,§;

where H is the chunk length and d is the number of included
action components. The action representation and included
components remain fixed within each calibration setting.
Reference actions are cached, so a new candidate requires
M complete policy queries without environment interaction.

q _ _ref
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B. Policy-specific calibration

For each ¢ € C, we measure 5(q; D) and the observed
task loss L(q) = po — pg, using reference and candidate
evaluations under matched conditions. Before calibration,
we specify an acceptable observed-loss tolerance €4, a
degradation threshold ez > €4, and an evidence criterion
E(q). These define

Ca={q€C:L(q) <eal, 3)
Cr={qeC:L(q) > er NE(q) =1}. )

Configurations in C'y4 are acceptable, those in Cr are de-
graded, and all others are unresolved. The same labeling rule
applies to held-out outcomes. These labels describe finite-
sample observations: an acceptable label does not establish
a population loss bound, and failure to detect degradation
does not establish an acceptable outcome.

Our simulation prediction experiments use €4 = 0.01 and
er = 0.02, corresponding to one and two percentage points.
These specify the acceptable observed-loss tolerance and the
minimum loss required for a degraded label, respectively,
and were fixed before held-out evaluation. A loss exceeding
er is not sufficient for a degraded label: it must also satisfy
the evidence criterion

Fia) > 2 \/ﬁo(l o) | Pall—py) )

Uun) Ng

where ng and n, are the reference and candidate episode
counts. Thus, the evidence requirement depends on the
observed success rates and sample sizes, rather than a fixed
minimum detectable loss.

We compute the max/min thresholds in Eq. (1) from these
development labels. The acceptance threshold is the largest
deviation among acceptable configurations, while the rejec-
tion threshold is the smallest among degraded configurations.
Unresolved outcomes establish neither threshold. When both
subsets are nonempty and Jacc < Orej, they define the
consistent-threshold interval ©(C) = [Jacc, Orej) Of Sec. IIL

PreDE calibrates the behavioral interpretation of deviation.
The underlying PTQ method determines the quantizer’s pa-
rameters. Using actual quantized configurations connects the
measurement to observed task outcomes without assuming
that synthetic action noise reproduces quantization effects.
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Fig. 1. Overview of PreDE. (a) Closed-loop outcomes and offline action deviations of development configurations establish policy-specific acceptance

and rejection thresholds. (b) New candidates are compared with cached reference actions on a fixed observation log and accepted, rejected, or deferred.
(c) A separate real-robot experiment evaluates deviation groups fixed before trials.

Hypothesis H formalizes the ordering needed for the condi-
tional interpretation in Proposition 1. Its applicability to new
configurations is evaluated through held-out predictions.

C. Prediction and evaluation

We freeze the log, measurement protocol, and thresholds
before closed-loop evaluation of new configurations. For g ¢
C, PreDE computes its offline deviation and issues

accept, 0(q; D) < ace,
g(q) = < reject,  6(g; D) > byej, (6)
defeL 6acc < 5((]7 D) < 6rej~

If either development subset is empty or Jacc > Orej, PreDE
defers all candidates.

Acceptance predicts an acceptable outcome, while rejec-
tion predicts degradation. Under H, Proposition 1 excludes
the opposite definite label for each issued decision, but it
does not exclude an unresolved outcome. Deferral makes no
outcome prediction and calls for closed-loop evaluation if
a deployment decision is needed. This follows the selective
prediction principle of withholding decisions when evidence
is insufficient rather than deciding on every candidate [23].

Predictions are determined before observing candidate
closed-loop outcomes. Decision coverage is the fraction
of held-out candidates receiving accept or reject, including
those whose eventual outcomes remain unresolved. We score
predictions against the labels defined by Egs. (3)—(4). Ac-
cepting a degraded configuration is a false acceptance, while
rejecting an acceptable configuration is a false rejection. Ac-
cepting an acceptable configuration or rejecting a degraded
configuration counts as a correct decision. An issued decision
with an unresolved outcome counts as neither correct nor
incorrect. Deferred outcomes are reported but not scored.

Evaluated configurations may subsequently enter C' to
update the anchors, as described in Proposition 2. Once used

for recalibration, they become development evidence, and the
updated rule requires new held-out evaluation. This separates
initial calibration, offline prediction, and further interaction
for deferred candidates.

V. EXPERIMENTS

A. Experimental Setup

a) Models and configurations: We evaluate Cos-
mos Policy [1], UVA [2], mimic-video [3], RynnVLA-
002 [4], and Fast-WAM [5]. Simulation settings include
LIBERO [25], RoboCasa-24 [26], PushT [27], and a multi-
task PushT variant. Configurations use RTN [12] and
HQQ weight-only quantization [7], ViDiT-Q-based INT8 [9],
SVDQuant-style W4A4 [6], and QServe-style W4A8 [8].
The main Cosmos comparison quantizes 280 DiT linear lay-
ers while retaining conditioning-related and final projections
in higher precision.

b) Evaluation settings: We report success rates and
differences from the corresponding bf16 reference. All eval-
uations follow the process specified on each policy’s official
website. The results in Sec. V-B are averaged over three
seeds. Reference and candidate measurements use matched
action-generation random states. Resource measurements
compare configurations on the same hardware with other
inference stages fixed.

c) Prediction assessment: Outcomes are labeled ac-
ceptable, degraded, or unresolved using the criteria in
Sec. IV. We report all candidates, including deferred config-
urations, and assess issued decisions jointly with coverage.
Unresolved outcomes count as neither correct nor incorrect.
Two-sided Fisher tests [28] provide an additional descriptive
comparison without replacing the recorded labeling rule.
We use g for quantization group size, pg for per-group
quantization and pc for per-channel quantization.



TABLE I
CLOSED-LOOP SUCCESS RATES (%) FOR 33 QUANTIZED MODEL-BENCHMARK PAIRS. W8AS8 USES VIDIT-Q-BASED QUANTIZATION. W4 A4 USES
SVDQUANT-STYLE QUANTIZATION. W4 AND W3 USE HQQ WEIGHT-ONLY QUANTIZATION. IN AN ADDITIONAL SINGLE-SEED COSMOS/LIBERO
DEVELOPMENT COMPARISON, RTN W3 ACHIEVES 97.40% SUCCESS WITH GROUP SIZE 128 AND 20.05% WITH PER-CHANNEL QUANTIZATION.

Model Benchmark bfl6 W8A8 W4A4 W4 w3
Cosmos-2B LIBERO (four suites)  98.38 98.12 9798 98.20 97.87
Cosmos-2B RoboCasa-24 67.03 66.42 65.58 6558 61.61
UVA-0.5B LIBERO-10 89.60 91.20 89.20 88.40 78.60
UVA-0.5B PushT 97.47 99.61 9579 96.02 96.79
UVA-0.5B PushT-M 82.71 75.07 78.66 81.77 77.71
mimic-2B LIBERO-spatial 90.40 91.40 88.30 92.60 90.20
mimic-2B LIBERO-object 94.20 92.40 89.60 93.80 95.20
RynnVLA-7B LIBERO (four suites)  95.30 — — 9505 94.75
Fast-WAM-6B  LIBERO (four suites)  95.55 — 95.75 9555 90.15

B. Quantization Results Across Models

Table I summarizes 33 quantized model-benchmark pairs,
of which 19 lose at most one observed percentage point
relative to their reference. On Cosmos/LIBERO, W8AS,
W4A4, HQQ W4, and HQQ W3 achieve 98.12%, 97.98%,
98.20%, and 97.87% success, respectively, against 98.38%
for bf16. The additional single-seed development comparison
shows the importance of granularity: RTN W3 achieves
97.40% with group size 128 but only 20.05% with per-
channel quantization. Thus, configurations with identical
nominal precision can have substantially different closed-
loop outcomes.

Offline deviation also requires setting-specific interpreta-
tion. Fast-WAM W3 loses 5.4 percentage points at § =
0.0154, whereas Cosmos HQQ W3 loses only 0.51 points on
LIBERO at the larger deviation of 0.0179. A shared deviation
threshold cannot accept the latter while rejecting the former.
The corresponding HQQ W3 configuration loses 5.42 points
on Cosmos/RoboCasa-24, further illustrating dependence on
the checkpoint and evaluation setting. These comparisons
also differ in task distributions, action representations, and
measurement coverage. Some historical deviations cover one
suite while success rates aggregate four. They motivate
setting-specific calibration rather than isolating policy iden-
tity as the sole source of variation.

C. Held-Out Degradation Prediction

We evaluate predictions on 20 Cosmos and eight UVA
configurations on LIBERO-10. Figure 2 orders candidates
by offline deviation and displays their predicted decisions
and closed-loop outcomes. Predictions are determined before
observing the corresponding candidate outcomes.

a) Cosmos Policy: Calibration uses results aggregated
over four LIBERO suites, including LIBERO-10. Since
LIBERO-10 is part of the calibration task set, we reuse
the calibrated thresholds without modification for held-out
quantization configurations evaluated on this suite. Six initial
development configurations establish §,.. = 0.02191 and
drej = 0.09736. The 20 held-out candidates vary weight pre-
cision, grouping, and quantizer. PreDE accepts eight, rejects
six, and defers six, giving 70% decision coverage (Fig. 2a).

All eight accepted candidates achieve 96-98 successes in 100
episodes against the matched bf16 reference of 97/100. All
six rejected candidates achieve 0/100. Thus, all 14 issued
decisions match their observed labels. RTN W4 pc is the
closest accepted candidate to d,: its deviation is 0.01940,
approximately 11% below the threshold, and it achieves
98/100.

b) UVA: Four development configurations establish
0acc = 0.0049 and d,; = 0.00925. Each of eight held-
out candidates receives 160 episodes across two evaluation
batches, with a matched bf16 reference of 143/160. PreDE
accepts five candidates, rejects two, and defers one, giving
87.5% coverage (Fig. 2b).

The accepted HQQ W4 g=128 lies 2.9% below d,.. and
achieves 148/160. The rejected HQQ W3 g=128 lies 6.3%
above d.¢; and achieves 130/160, an 8.1-point loss. It meets
the recorded degradation criterion (2 2.07), although
Fisher’s test gives p = 0.057. The other rejected candidate,
HQQ W2 g=64, achieves 4/160. The accepted HQQ W8
g=064 achieves 149/160, exceeding the reference by 3.75
percentage points and receiving an acceptable label. The
deferred HQQ W3 ¢g=32 remains unresolved at 132/160. All
seven issued decisions match their observed labels.

Across both policies, PreDE issues 21 decisions for 28
candidates (75% coverage). All 21 match their acceptable or
degraded outcome labels, with no observed false acceptance
or false rejection. The seven deferred candidates comprise
three acceptable, one degraded, and three unresolved out-
comes.

c) Label ordering: A post hoc check finds no
acceptable—degraded ordering contradictions within or across
the development and held-out sets. For Cosmos, the pooled
maximum acceptable deviation is 0.04935 (RTN W2 ¢g=16),
and the minimum degraded deviation is 0.06955 (HQQ
W2 ¢g=64). The nearby HQQ W2 ¢=32 is unresolved
and sets neither bound. UVA’s corresponding bounds are
(0.0049, 0.00925). These describe pooled outcomes; the Cos-
mos comparison combines four-suite development results
with LIBERO-10 held-out results.
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Fig. 2. Held-out predictions and closed-loop outcomes on LIBERO-10 for (a) 20 Cosmos and (b) eight UVA candidates, ordered by offline deviation

within each subfigure. Cosmos decisions are consistent with thresholds (0.02191,0.09736), while UVA thresholds are (0.0049,0.00925). Error bars are
marginal 95% Wilson intervals for success, not intervals on differences from bf16. Post hoc binary baselines accept configurations with 6 < 0.009 or
weight precision > 4 bits, respectively, and reject the rest. At 100% coverage, they yield six and five false rejections, respectively. Both have no false

acceptances and three unresolved outcomes.

D. Sensitivity Analysis

We repeat measurements on the fixed Cosmos log with
five matched action-generation seeds (195-199). RTN W4 pc
remains accepted under the frozen initial anchors in all five

TABLE II
REAL-ROBOT RESULTS. CUP: 20 TRIALS PER CONFIGURATION, BF16
19/20. CUBES: 30 TRIALS PER CONFIGURATION, BF16 25/30.
DEVIATIONS ARE IN MILLIMETERS (MM).

runs, while HQQ W2 g=64 remains deferred. Their deviation Cup Cubes
coefficients of variation are 3.2% and 1.2%, respectively. The Configuration 5 Success 5 Success
tyvo initial anchor conﬁgurat%ons have coefficients of varia- WSAS 014 19720 012 26/30
tion of 2.2% and 0.7%. Their remeasurements fall on both W4A8-pg 0.97 1820 0.74  24/30
sides of the corresponding frozen boundaries. Remeasuring yjﬁg (QServe) };} }ggg }'(1)3 iigg
. . erve . . 3
anchors and candidates together still accepts RTN W4 pc W3 (HQQ g64) 175 1720 133 2330
under every seed.
i . . . W2 (RTN g64) 632 10/20 7.75  12/30
A paired bootstrap jointly resamples the log’s eight trajec- W2 (RTN g128) 9.17  4/20 10.33 1/30

tories for the candidate and acceptance anchor. Across seeds,
the 95% interval lower bounds for the anchor deviation minus
the RTN W4 pc deviation range from 0.0008 to 0.0012 and
are all positive. These measurements support this candidate’s
stability on the tested log, without establishing robustness to
independently collected logs, different log lengths, or UVA.

A post hoc analysis of the fixed initial Cosmos devel-
opment set finds unchanged anchors when €4 ranges from
the largest acceptable development loss to values strictly
below the fixed eg = 0.02, with the evidence criterion
unchanged. This reflects the separation of the development
losses, rather than general insensitivity to labeling tolerances.
Unchanged anchors also do not imply unchanged held-out
labels or scoring. All reported prediction results use the
original €4 = 0.01 and e = 0.02.

E. Real-World Evaluation

a) Tasks and protocol: Two independently fine-tuned
Cosmos policies perform cup pick-and-place and instruction-
conditioned colored-cube selection on a Franka Research 3
with third-person and wrist cameras. An RTX 5080 server
generates 16-step action chunks with a configured execution
rate of 15 Hz, distinct from the policy-query frequency. Each
task evaluates bf16 and eight quantized configurations, with

W2 (RTN pc)  66.10 0/20 91.60 0/30

20 cup trials and 30 cube trials per configuration (450 trials
total).

Offline deviation averages differences in the three trans-
lational action components over 30 observation frames, ex-
pressed in millimeters (mm). Low- and high-deviation groups
are fixed before trials from gaps of 1.75-6.32 mm for cups
and 1.33-7.75 mm for cubes. No closed-loop anchors are cal-
ibrated for these checkpoints. This experiment independently
examines the behavioral relevance of the prospective groups.

b) Task results: Table II reports all configurations.
Every high-deviation configuration significantly degrades
relative to its task’s reference (two-sided Fisher tests: p <
0.004 for cups and p < 0.002 for cubes). No low-deviation
comparison reaches significance at 0.05, but these results
do not establish performance preservation. For HQQ W3,
candidate-minus-reference success differences are —10.0 pp
on cups (95% Newcombe interval [—31.4,+11.0]pp) and
—6.7pp on cubes ([—26.6,+13.8] pp). Both intervals leave
non-inferiority within one percentage point unresolved. Fig-
ure 3 illustrates individual recorded episodes and its success
counts come from the separate task-evaluation collection.



cubes (instruction: blue)

W4A8-pg 18/20

bf16 25/30

WS8AS8 26/30

W4AS-pg 24/30

W4A8 (QServe) 19/20

W4A4 25/30 W4AS (QServe) 24/30 W3 (HQQ g64) 23/30

S

W2 (RTN g64) 10/20

W2 (RTN g128) 4/20 W2 (RTN pc) 0/20

Fig. 3.

W2 (RTN g64) 12/30 W2 (RTN g128) 1/30 W2 (RTN pc) 0/30

One recorded episode per configuration on each task, showing contact or the corresponding attempted grasp: cup (left) and instructed blue cube

(right). Low-deviation configurations (top two rows) close on the object. RTN W2 g128 pushes the cup over and closes beside the cube, RTN W2 g64
pushes the cube aside during a mis-centered descent and closes beside it, and RTN W2 pc does not approach either object.

TABLE III
RESOURCE MEASUREMENTS DURING FRANKA CUP-TASK EXECUTION
ON THE RTX 5080 SERVER. QUERY LATENCY IS THE MEDIAN OVER
RECORDED QUERIES. MEMORY IS PEAK ALLOCATED GPU MEMORY.

Configuration Query (ms) Speedup Memory (GB)
bf16 2030  1.00x 5.19
WS8AS 1725  1.18x 3.55
W4A8-pg 2019 1.01x 2.76
W4A4 1485  1.37x 2.93
W4A8 (QServe) 1772 1.15% 2.73
W3 (HQQ g64) 2404  0.84x 2.70

¢) Quantization benefits on the robot: A separate 45-
episode instrumented collection supplies resource measure-
ments and video. With other inference stages fixed, W4A4
reduces median action-query latency from 2030 to 1485 ms
(1.37x speedup) and peak allocated memory from 5.19 to
2.93 GB (approximately 44%). In the task-evaluation trials,
it matches the reference’s observed cup success of 19/20
(Tables II and III). HQQ W3 reduces memory further but
increases query latency. The RTN W2 stress tests use fake
quantization with bf16 storage and provide no weight-storage
saving.

VI. DISCUSSION AND LIMITATIONS

Policy-specific calibration provides a behavioral basis for
interpreting offline action deviation. The held-out results
show that this interpretation can identify both acceptable
configurations and substantial degradation among the eval-
vated candidates. Grouping and quantizer choice matter
alongside precision, so nominal bit width alone does not
fully interpret a configuration’s behavioral effect. PreDE uses

measured policy changes to assess candidates produced by
these different quantization choices.

Behavioral predictions must be considered alongside mea-
sured resource benefits. On the robot, W4A4 reduces both
latency and memory, whereas HQQ W3 reduces memory
further but increases latency. An accepted prediction there-
fore does not establish a deployment advantage by itself.
Configuration selection should consider the predicted task
outcome together with the application’s latency and memory
constraints. A deferred candidate may still merit closed-loop
evaluation when its measured resource benefits are attractive.

Under our hypothesis, deferral corresponds to disagree-
ment among thresholds consistent with the development
labels. Empirically, deferred candidates include both ac-
ceptable outcomes and a 33-point loss. The interval there-
fore represents insufficient evidence for a prediction, rather
than a region of uniformly small degradation. Deferral also
differs from an unresolved outcome: the former withholds
a prediction before evaluation, while the latter indicates
that the observed result meets neither definite label. Across
the 28 held-out candidates, all 21 issued decisions match
their labels, while the seven deferred candidates include
three unresolved outcomes. Decision coverage and outcome
uncertainty thus describe different aspects of the evidence.

This distinction also guides additional evaluation. Repeat-
ing offline measurements can reveal whether a candidate’s
deviation is stable compared with the thresholds, as examined
in the seed-sensitivity analysis. It cannot determine the task
consequence of a stable deviation inside the deferred inter-
val. Closed-loop outcomes provide that behavioral evidence,
although additional trials may still leave a result unresolved.
The appropriate next measurement therefore depends on
whether uncertainty concerns the offline statistic, its behav-



ioral interpretation, or the observed task outcome.

Several limitations remain. Held-out prediction covers two
checkpoints on LIBERO-10. The broader comparisons and
physical grouping study provide complementary evidence.
Cosmos development and held-out evaluations differ in task
coverage, so their pooled ordering is not a test under an
identical task distribution. The theoretical conclusions de-
pend on the hypothesis, whose consistency with observed
labels does not guarantee ordering on unseen configurations.
Mean deviation also compresses errors across observations,
action components, and chunk steps into a single number.
Two candidates with similar means can place their errors
at different moments, including contact or grasp transitions
where task consequences may differ. Finite logs can miss
such critical states and states reached only after quantization
changes the controller, reflecting the distribution-shift chal-
lenge in sequential prediction [29]. Changes to the policy
or evaluation protocol may require recalibration. Calibration
and evaluation of deferred candidates require closed-loop
interaction, and finite trial counts leave some outcomes unre-
solved. Future work should examine broader policy coverage,
smaller calibration budgets, and measurements that retain
information about errors at decision-critical states.

VII. CONCLUSION

We presented PreDE, a policy-calibrated framework for
predicting quantization-induced task degradation in world
action models. Using closed-loop results from development
configurations, PreDE calibrates offline action deviations to
accept, reject, or defer new candidate quantization config-
urations. Under a within-setting label-ordering hypothesis,
these decisions correspond to agreement among thresholds
consistent with the development labels. Across 28 held-out
configurations from two policies, PreDE issues 21 decisions
(75% coverage), all matching the observed acceptable or de-
graded labels. A separate 450-trial real robot study connects
prospectively identified high-deviation groups with signif-
icant task degradation. On the robot, W4A4 quantization
achieves a 1.37x action-query speedup and approximately
44% lower peak memory. These results support policy-
specific behavioral calibration for quantization configuration
selection while identifying candidates that require further
closed-loop evaluation.
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