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Abstract—High-reliability long-horizon manipulation has tra-
ditionally relied on large-scale data and compute. For deformable
garments, however, we identify that the primary bottleneck to
robustness is not resource scale alone, but the distributional
shift among the human demonstration distribution, the policy’s
inductive bias, and the test-time execution distribution. These
inconsistencies cause compounding errors in multi-stage tasks
such as flattening, folding, handover, sorting, and hanging. To
mitigate them, we present xo, a resource-aware framework for
robust dual-arm garment manipulation. Our approach builds
on three technical pillars: (i) Model Arithmetic, a weight-space
merging strategy that efficiently soaks up diverse distributions
of demonstrations, varying from object appearance to state
variations; (ii) Stage Advantage, a stage-aware advantage esti-
mator that provides stable, dense progress signals and avoids
the numerical instability of value-difference methods; and (iii)
Train-Deploy Alignment, which bridges the deployment gap
via spatio-temporal augmentation, heuristic DAgger corrections,
and temporal chunk-wise smoothing. With roughly 20 hours of
demonstrations per task and 8 A100 GPUs, x, improves success
rate over the open-source 7 5 baseline by nearly 250%. We offer
this as a field report on combining end-to-end vision-language-
action policies with modular alignment mechanisms for scalable
non-rigid manipulation.

I. INTRODUCTION

Production-ready robustness is the grand challenge of mod-
ern robotics. While autonomous vehicles show operational
viability in complex urban environments, matching this re-
liability for manipulation in unstructured, human-centered
settings remains open, and the challenge is especially salient
for non-rigid objects. Garments do not admit a stable 6-
DoF pose representation; they wrinkle, self-occlude, slip under
contact, and contain many visually similar but semantically
distinct states. These properties make laundry-like manipula-
tion a representative testbed for deformable-object perception,
representation, planning, and control.

Such robustness requires a policy to operate within a vast
search space, and the prevailing industrial paradigm has piv-
oted toward scaling large robotic foundation models [3, 2, 1].
While architectural evolution and resource scaling are essen-
tial, we argue that the decisive factor in robust policy execution
is not scale alone. Our key insight, inherited from the RSS
main-track version of this work, is that the hidden bottleneck

is the inconsistency among the distributions governing the
three pillars of robot learning: data collection, model training,
and policy deployment. These inconsistencies are not always
evident from a single success-rate number; they appear in
execution smoothness, throughput, and retry cost [1].

We encapsulate the robot learning pipeline into three dis-
tributions. Py, denotes the distribution of human expert
demonstrations used to train an imitation policy. Qmeger de-
notes the inductive bias learned by the policy, i.e., a state-to-
plausible-actions mapper. Py denotes the distribution of exe-
cuted trajectories during deployment, which differs from direct
policy outputs due to inference latency, actuator limits, contact
dynamics, and recovery behavior. For deformable garments,
this mismatch is amplified: demonstrations sparsely cover a
high-dimensional state manifold, small contact errors induce
large cloth-state changes, and a visually plausible action can
be wrong for the current stage.

Real-world deployment reveals three systematic inconsis-
tencies, summarized in Fig. 1. First, due to the extreme
dimensionality of the task, Py, is inherently sparse relative to
the full solution manifold, resulting in a Qg that is biased
toward the limited training distribution. Second, the latency
between model inference (Qmogel) and control-level execution
(Pest) introduces temporal mismatch, rendering theoretically
optimal plans suboptimal during inference [4, 11]. Third,
despite frequent failures during inference, the policy often
lacks failure-recovery ability; minor perturbations in P can
trigger catastrophic divergence even when the nominal task
states are present in Py, [10].

We propose g, a resource-efficient framework that re-
solves these misalignments within the constraints of physical
robotics. It retains an end-to-end VLA policy as the action
generator, but adds modular mechanisms for data coverage,
task-stage representation, and deployment smoothing. This
hybrid design raises a key question: how should end-to-end
and modular paradigms be combined for non-rigid object
manipulation? Training with roughly 20 hours of demonstra-
tions on 8 XxA100 GPUs, x outperforms the open-source 7 5
baseline by nearly 250% in success rate on long-horizon
garment tasks.
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Fig. 1: System overview. X studies long-horizon deformable garment manipulation with two dual-arm robots. Distributional
inconsistencies are inherent to robot learning (Pi,,: expert demonstrations; (Qmoeger: policy inductive bias; Pig: deployment
trajectories). xo addresses the pairwise mismatches through Model Arithmetic, Stage Advantage, and Train-Deploy Alignment,
enabling robust flattening, folding, sorting, handover, and hanging.

II. PROBLEM SETUP: DISTRIBUTIONAL ALIGNMENT

To formalize the above view, we consider a finite-horizon
Markov Decision Process with state space S, action space
A, and horizon H. A trajectory 7 = (Sg, a0, 51,01, ...,SH)
evolves under real-world dynamics s;y1 ~ T(- | s¢,a4,8)
with initial-state distribution p(sg). The trajectory distribution
induced by a stochastic policy 7(a | s; ¢) is

H-1

Pr(1) = pu(s0) H m(at | st30)T(se41 | 8¢5 at, §). ey

t=0

Let P., denote the distribution over successful real-world
trajectories for a task. The training distribution P, is induced
by human expert demonstrations on real robots, and Qmodel £
m(a | s;¢) is learned by maximizing imitation likelihood over
the demonstration set D = {T(i)}f-\]:l [10, 8]. Finally, real-
robot execution produces Py by composing QQumoege; With an
inference and control operator I(a; | at, s¢), where a; denotes
the actually executed action. This matters for deformables:
the intended joint-space chunk and the executed motion can
diverge exactly when cloth contact is most sensitive.

We categorize the resulting gaps as coverage deficiency,
temporal mismatch, and failure cascade. Coverage defi-
ciency: Py, undersamples the high-dimensional manifold
Piear, biasing (Quoger toward limited modes. Temporal mis-
match: long-horizon tasks induce visually similar but semanti-
cally distinct states across stages, and inference-control latency
misaligns planned and realized chunks. Failure cascade: the
lack of recovery behaviors in Py, leaves the policy unable
to self-correct from perturbations in Pig. X addresses these
three inconsistencies with targeted alignment strategies.

III. METHODOLOGY
A. Pipeline of xo

Xo integrates three complementary technical pillars across
the robot learning cycle. Model Arithmetic expands policy
coverage by merging models trained on complementary data
subsets in weight space. Stage Advantage addresses temporal
mismatch at the policy-learning phase through stage-aware
progress supervision. Train-Deploy Alignment closes the loop
between deployment and training through inference optimiza-
tion and complementary data augmentation. Together, these
modules convert a generic VLA backbone into a deployable
policy for long-horizon deformable garment manipulation.

B. Model Arithmetic for Coverage Deficiency

Limited demonstrations cause coverage deficiency in P,
biasing learned policies toward narrow manipulation patterns.
Simply scaling demonstrations until Py, approximates Py
is prohibitively expensive for garments, where each collection
cycle demands extensive human operation and real-robot oc-
cupancy.

We propose Model Arithmetic (MA), a weight-space
merging strategy that combines policies trained on comple-
mentary data subsets via validation-based optimization. Un-
like Mixture-of-Experts (explicit routers, complex training)
or output ensembling, MA directly merges parameters into
a unified policy with no inference-time routing cost. Given
data subsets {D1, Ds,..., D, } sampled from Py, we train
policies {61,602, ...,0,} independently and synthesize their
weights by

Qmerged = Zai917 o > 0, Zai =1. 2)
=1 7

The mixing coefficients minimize a held-out validation loss,
and the critical design choice is validation-set selection. We



construct an out-of-distribution validation set from recovery
trajectories collected via DAgger [10, 7]; these recovery be-
haviors are naturally absent from the original nominal demon-
strations. Based on this split, we ablate average weighting,
inverse-loss weighting, gradient-descent weighting, and greedy
search [12, 6]. Validation-guided weight-space synthesis com-
bines diverse unimodal policies into a single multi-modal
policy, mitigating the bias of Qy0del induced by sparse garment
demonstrations.

C. Stage Advantage for Long-Horizon Progress

While MA mitigates Qmoder bias, the policy still struggles
with long-horizon execution in Pgy. Visually similar states
across stages cause misapplied behaviors and compounding
errors: a partially folded shirt can resemble an earlier flattening
state, yet the correct action depends on whether the robot is
recovering, folding, handing over, or hanging.

Prior work uses advantage as a progress signal with
advantage-weighted regression [9, 1]. One common formu-
lation obtains advantage implicitly as A(s,a) = V(s') —
V(s), taking the difference between independently predicted
progress values. This amplifies frame-wise noise into high-
variance training signals, and estimating global progress with-
out stage awareness can make V'(s) multi-valued.

To obtain a stable and accurate signal, we treat advantage as
a direct modeling target: A(s,a) = fy(s,s’), where fy pre-
dicts relative progress from s to s’. We construct training pairs
by randomly sampling a time span A and setting s’ = s, A,
avoiding overfitting to a fixed temporal discretization. To
resolve multi-valued ambiguity, Stage Advantage conditions
this estimator on a semantic stage label g:

Astage(s7 a,g) = fG(Sa s’ | g)~ 3)

We use manually annotated stage labels represented as a nor-
malized scalar g € {0, %, RN %} for S stages. Following
prior advantage-weighted policy learning [5, 1], the continuous
prediction is thresholded into a binary optimality indicator
I = 1[Agage > €], which upweights high-quality data while
reducing temporal confusion.

D. Train-Deploy Alignment for Physical Execution

Even with improved coverage and stage-aware progress,
deployment introduces new inconsistencies between Qmogel
and P,. Inference-control latency causes misplaced execution
and drift, especially for action-chunking policies: the gap
between inference and chunk execution breaks temporal con-
tinuity across chunks, causing abrupt transitions and degraded
cloth-contact stability. We therefore adopt temporal chunk-
wise smoothing. Let a®’¢ denote the current action buffer and
a™“" the newly predicted action chunk. We drop stale prefix
commands according to a threshold dn,x, blend the overlap
between the residual buffer and the new chunk, and append
the remaining suffix of a™““. This suppresses abrupt target
changes at chunk switches and can be combined with real-
time chunking methods [4, 11].

TABLE I: Real-robot garment tasks. All start from arbitrary
initial states; Tasks B and C add conditional long-horizon
structure.

Task Goal and main challenge

A Flatten and fold a T-shirt within a time limit; tests
recovery and basic folding.

B Retrieve a T-shirt or collared shirt, then fold or hand
over by type; tests perception-conditioned branching.

C Hang a collared shirt on a rod under occlusion; tests

contact-rich, longest-horizon manipulation.

To expand Pian toward deployment-critical regions, we
further close the loop between deployment and training. Stan-
dard on-policy DAgger expands P.i, toward failure-adjacent
regions but is time-consuming because it waits for natural
failures. We propose a Heuristic DAgger variant that directly
initializes the system in manually designed recoverable fail-
ure states, such as misaligned grasps or partial drops, and
records corrective demonstrations. To diversify data at zero
robot time, we also apply spatio-temporal augmentation:
horizontal flipping with left/right arm swapping, and partial
frame-skipping to synthesize speed variations. These data-side
and execution-side mechanisms jointly reduce the gap between
demonstrations and physical deployment.

IV. EXPERIMENTAL SETUP AND RESULTS

Our evaluation targets collaborative long-horizon garment
manipulation: flattening from arbitrary states, folding, han-
dover, sorting, and hanging. These contact-rich tasks require
state recovery and thus magnify the distributional shifts above.
The system uses two dual-arm robots with multi-view RGB
observations (wrist and fixed main-view cameras). We curate
roughly 20 hours of demonstrations per task, spanning diverse
garment states, colors, materials, configurations, and lighting.
We employ full-parameter fine-tuning on 8xA100 GPUs via
a flow-matching objective [3].

Metrics and baselines. We report success rate (SR), through-
put (TP), retry cost, and a rule-based average score. SR is
successful trials over total attempts; TP is successful comple-
tions per evaluation time; retry cost counts retries; average
score gives partial credit to task milestones, normalized to
100. We use w5 as the primary base policy and include
where applicable, since they are the only open-source VLA
policies that achieved viable performance on our tasks after
fine-tuning. Other reported policies did not produce tractable
behavior in this setting after the same 20-hour data budget.

System-level effect. Fig. 2(a) reports the performance break-
down of each module on Task A. By selecting the optimal
configuration for MA, SA, and TDA, performance scales
monotonically as components are added. SA is the dominant
factor for throughput, whereas TDA drives success rate but
can incur higher retry cost. This trade-off aligns with our
distributional view: TDA encourages persistent recovery rather
than silent failure, which naturally improves task completion
at the expense of additional corrective actions. The complete
system outperforms the open-source 7y 5 baseline by nearly



H

Tios +TDA +MA +SA 4
4T

© o
c Y28
H %20
H ]
5o Sis
- g1
=] Ii—l =5} . 0
Tos +TOR 4MA +5A $MA 1SA +MA
Hoaon VR
0
2 °
3 %0
g §
$ 2 i
. I

Tio.s +TDA +MA +SA +MA +SA +MA Ours
+TDA+TDA +SA

et

H

7

gs

b

25
I
H

i Throughput 1

H a8

H i

H

B °

o) 1

Tio.s +TDA +MA +SA +MA +SA +MA Ours
+TDA+TDA +SA

(a) System efficacy.

Retry Cost |

3

Throughput 1
s
£

Average Score 1

=D

(b) Model Arithmetic.

DAgg Base +Heuristic

.

:

i
-
:

+DAgger Base + t

(c) Recovery data.

Fig. 2: Representative experimental results. (a) Adding MA, SA, and TDA monotonically improves the base policy, with the
complete xo system achieving the best trade-off. (b) MA variants outperform single-best and full-data candidates, especially
when OOD recovery data is used for validation. (c) Heuristic and standard DAgger improve success and throughput by injecting

recovery-critical states into Piyip.

250% in success rate and sustains a 24-hour real-robot stress
test in our deployment.

Model Arithmetic. Fig. 2(b) benchmarks MA variants against
non-MA baselines. All MA variants outperform both the
single-best subset-trained candidate and the full-data candi-
date. This suggests fine-tuned VLAs contain complementary
local modes that are easier to consolidate via weight-space
synthesis than monolithic retraining. OOD validation data also
provides a more robust criterion than in-domain validation,
with lower standard error and higher performance. DAgger
recovery trajectories make a useful validation split, expos-
ing whether Qmoger covers deployment-critical modes missing
from nominal Py.

Stage Advantage. SA provides more stable progress super-
vision than value-difference training: the direct two-timestep
signal avoids subtracting two noisy value predictions, and
stage conditioning removes the multi-valued ambiguity when
similar cloth appearances map to different subgoals. In Task
B, with conditional retrieval and handover/folding branches,
this stability reduces idling and retries. These results indicate
that a lightweight semantic-stage representation supplies much
of the planning structure needed for long-horizon deformable
manipulation without an explicit cloth dynamics model.
Train-Deploy Alignment. Fig. 2(c) evaluates recovery-data
injection across models and tasks. Heuristic DAgger signif-
icantly improves failure recovery, achieving higher SR and
TP than the baseline; its higher retry cost reflects active self-
correction, not inefficiency. Unlike standard DAgger, heuristic
initialization reaches useful recovery states without waiting
for natural failures. On the execution side, temporal chunk-
wise smoothing outperforms synchronous/asynchronous infer-
ence [l1] and temporal ensembling [13] in most settings, and
can be combined with RTC for further gains. Overall, robust
non-rigid manipulation depends not only on policy quality, but
also on aligning the policy with physical contact, latency, and
recoverable failure.

V. CONCLUSION

xo studies deformable garment manipulation as a distri-
butional alignment problem across demonstrations, learned
policies, and real-robot deployment. The results suggest that
strong VLA backbones become substantially more reliable

when paired with modular mechanisms for coverage, stage-
aware progress, and execution alignment. This offers one
practical path toward scalable non-rigid object manipulation
under realistic data and compute budgets.
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