Preprint.

ChunkTrust: ADAPTING EXECUTION HORIZONS FOR
ROBOT POLICIES WITH ACTION-EXPERT EVIDENCE

Fanding Huang'>* Jingyan Jiang** Shifeng Bao>* Mingkang Pu' Shiwei Li’
Jing Xu® Shijia Xu’ Guanbo Huang' Chenghao Gu' Yuzhi Huang' Chenxin Li®
Faisal Nadeem Khan' Huan Yang”> Yan Wang' Cheng Chi*’ Zhi Wang'-

'Tsinghua University ?Beijing Academy of Artificial Intelligence (BAAI)
3Renmin University of China *Shenzhen Technology University

SHefei University of Technology ®Jiangnan University ’Chongging University
8The Chinese University of Hong Kong

Project Page | GitHub

Optimal horizon of replanning is phase dependent |BEUULIEE

Trusted Uncertain  Stale Unsafe

Approach to bread | T : e =~ U Contact & Pla¢een !

High free- = A % (Object transport L__
space stability ) 4| isdeticate

Trust further gk Trust less & Trust prefix only | |
&Replan less Replan sooner & Re-observe

Predicted future action chunk Predicted future action chunk Predicted future action chunk
I D CO000O0 D.. 8y OO0OOCCO0000
S Executable Prefix ————— Koy - Executable Prefix — Keg Exeoutable Prefix — Kosec

__________ o N _ . Es
f— =~ " p NoT 50 ! Task length !
) ° Fied /-'/xede):(ecutlon 1 & 40 - [ r---m- 41.0 _._ Short
] , b vorson [ O0O0O0O00O™ = ' v 30+ e 28.9 |-+ Long
\ “ : g 20+ | ! 4-20.9 | Setting
1| o— Adaptive execution 3 10_/‘/\‘—4 o 8.8 | Clean
. Horizon /\_‘ - Random |
1 | Robot policy || Adaptor O DDC]C] o |+ Random |
.l =
U U U — - Fixed execution horizon K Chtkamsb

Figure 1: Fixed execution horizons are brittle across tasks and settings. Top: the reliable
executable prefix is phase dependent in a real bread-manipulation rollout (qualitative trust illustration
Keyee = K3). (a) A shared robot policy with fixed or adaptive execution horizons. (b) Fixed horizons
K € {10,20, 30,40, 50} versus adaptive execution on w9 RoboTwin2.0 evaluations, grouped by task
length and environment setting. Error bars indicate +1 standard error of the mean across task—setting
combinations. Dashed lines show the corresponding adaptive references.

ABSTRACT

Robot foundation policies predict action chunks, but how many actions to execute
before replanning depends on the current task phase. We introduce ChunkTrust,
which treats the execution horizon as a latent variable inferred from action-expert
evidence rather than a fixed hyperparameter. Its training-free Action-aware Hori-
zon Selector (AHS) combines intra-chunk spectral stability of generation traces
with inter-chunk continuity between executed history and predicted actions. An
online Beta posterior with kernel forgetting tracks horizon preferences across re-
plans. A lightweight Query-based Horizon Adapter (QHA) optionally distills AHS
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preferences into a dense learned prior, which is fused with fresh online evidence
while the base policy remains frozen. Across RoboTwin2.0 and RoboCasa GR1
Tabletop, AHS improves overall task-averaged success for each evaluated base-
policy configuration, including gains of +6.80 percentage points on 7 5 over all 50
RoboTwin2.0 tasks and 4+9.67 percentage points on Qwen3GROOT in RoboCasa.
AHS+QHA raises the gain over Base to +9.44 percentage points on the eight-task
0.5 evaluation. On four real-world household tasks, AHS improves the equal-task
mean normalized process score from 50.4% to 57.5%. Ablations examine the
contributions of both evidence terms, temporal memory, and the learned prior.

1 INTRODUCTION

Robot foundation policies, including Vision-Language-Action (VLA) models (Black et al., 2024;
Intelligence et al., 2025) and World-Action Models (WAMs) (Yuan et al., 2026; Ye et al., 2026b),
predict action chunks to amortize inference and maintain temporal coherence. The execution horizon
can differ from the generated chunk length, reflecting a trade-off between longer execution that
preserves smooth progress but delays correction and shorter execution that increases feedback
frequency but can disrupt coherent motion (Lu et al., 2026). In manipulation, this trade-off changes
within an episode: free-space approach may tolerate longer open-loop execution, whereas contact
or delicate transport demands earlier replanning. Fig. 1 illustrates this phase dependence in a real
rollout and shows that the best fixed horizon varies across task lengths and evaluation settings. The
resulting trust boundary problem is to determine how many actions from the current chunk the robot
should execute before replanning.

Existing adaptive chunking methods derive execution horizons from attention structure, action entropy,
or cross-horizon agreement (Wang et al., 2026; Liang et al., 2026; Jing et al., 2025). However, an
internally consistent prediction can still be incompatible with the motion already executed. Meanwhile,
evidence at individual replans can be noisy, while similar execution contexts recur within and across
episodes. This raises a central question: How can a robot identify complementary evidence native to
its action expert and internalize it as reusable knowledge for adaptive execution?

We introduce ChunkTrust, a framework that couples online evidence accumulation with context-
conditioned horizon learning (Fig. 3). ChunkTrust evaluates candidate execution prefixes along
two complementary dimensions. We assess spectral stability during action generation, drawing
on frequency-domain analyses of diffusion and flow models (Si et al., 2024; Huang et al., 2026a).
We also assess continuity with recently executed motion, reflecting the importance of cross-chunk
consistency in robot control (Liu et al., 2025b; Black et al., 2025). Our retrospective analysis in Fig. 2
provides empirical support for this pairing. Failed episodes exhibit higher median spectral instability
and boundary variation, with the highest failure rate observed when both risks are elevated.

ChunkTrust internalizes this evidence through online memory and a learned prior. The Action-aware
Horizon Selector (AHS) accumulates evidence in an episode-local Beta state with forgetting, retaining
useful horizon preferences while adapting to phase changes. The Query-based Horizon Adapter
(QHA) learns context-conditioned horizon preferences from AHS-derived supervision, enabling their
reuse beyond the current episode. At deployment, QHA supplies a dense prior that complements
online AHS evidence, combining learned preferences with adaptation to the current rollout.

We evaluate the benefits of online horizon adaptation and learned horizon preferences across
RoboTwin2.0, RoboCasa GR1 Tabletop, and four real-world household tasks. AHS improves
aggregate success across all evaluated simulation base-policy configurations, including gains of
6.80 percentage points on the complete 50-task RoboTwin2.0 suite and 9.67 percentage points with
Qwen3GROOT on RoboCasa. Adding QHA further improves aggregate success on the eight-task
evaluation and benefits two tasks excluded from horizon-head training, supporting reuse of the learned
preferences beyond the QHA training tasks. On real robots, AHS increases the equal-task mean
normalized process score by 7.1 percentage points. Controlled comparisons and ablations examine
the contributions of complementary evidence, temporal memory, and the learned prior, alongside
alternative horizon selectors and inference costs.

Our contributions are threefold: (1) we formulate execution-horizon adaptation as inference over
candidate prefixes, grounded in the action expert’s generation dynamics and compatibility with
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executed history. (2) we introduce AHS, which integrates dual evidence with a phase-aware Beta
posterior, and QHA, which learns a context-conditioned horizon prior that complements online
evidence without updating the base policy. (3) we evaluate across policy families, two simulation
benchmarks, and real robots, with full task-level results and controlled evidence, memory, transfer,
and cost analyses.

2 RELATED WORK

Robot policies and action chunking. Mobile ALOHA (Fu et al., 2024b) and Diffusion Policy (Chi
et al., 2025) use multi-step action predictions for temporal coherence. Flow-based policies such as
mo (Black et al., 2024) and 7 5 (Intelligence et al., 2025), and world-action models such as Fast-
WAM (Yuan et al., 2026), extend action generation to broader task distributions. FASTER (Lu et al.,
2026) prioritizes near-term sampling through horizon-aware scheduling and streaming execution.
ChainVLA (Huang et al., 2026b) conditions successive queries on task progress and the unexecuted
action suffix. ChunkTrust instead selects how much of a chunk to execute before observing again,
using the action expert’s generation trace without changing its weights or resampling the chunk.

Adaptive horizons and test-time selection. BID (Liu et al., 2025b) selects among sampled
chunks using backward coherence and forward contrast, targeting consistency across predictions.
Horizon adaptation instead changes the executed prefix: Mixture-of-Horizons uses cross-horizon
consensus (Jing et al., 2025), AutoHorizon uses action self-attention as a predictive-limit proxy (Wang
et al., 2026), and Adaptive Action Chunking uses action entropy (Liang et al., 2026). HiPolicy
combines multi-frequency chunk generation with entropy-guided execution (Zhang et al., 2026).
ChunkTrust focuses on the evidence and memory used to select a prefix from a frozen generator.
Its two scores measure spectral variation during generation and speed variation after stitching to
executed history. An online Beta state accumulates their soft feedback across replans with forgetting.
QHA complements this episode-local state with a distilled context-conditioned prior. Appendix G
provides broader background.

3 HORIZON-AWARE EVIDENCE FROM THE ACTION EXPERT

3.1 PRELIMINARIES

At replan step ¢, a frozen policy conditions on visual observation o;, proprioceptive state x;" ¥, and
instruction /. Its backbone produces context tokens C; = fg(0s, x5 P, £), and the action expert
predicts

A =[a1,... 4, 4] € R (1
The controller executes a prefix of length K; € {1,..., H} before re-observation. We score
candidates k € K C {1,..., H} using internal generation stability and compatibility with executed

history. The expected-round rule in Sec. 4 can select intermediate integer lengths rather than only
grid points.

A single policy call with trace recording returns (A, F;) = 7w (0¢, x5, £). For flow-based action
experts (Lipman et al., 2023), F; contains velocity predictions recorded during generation, without
changing the actions. We write the trace and executed history as

HxdaT—1 _
Fir =A{vy e REX} 70 He = [a5 N, 11,5 a5 ], 2)

? g

where 7 indexes sampling steps, n; counts actions executed before replan ¢, and N; is the available
history length. The following evidence terms use J; and (#;, A;), respectively.

3.2 INTRA-CHUNK SPECTRAL STABILITY

We measure variation in the velocity-prefix spectrum during generation. Specifically, we apply the
Fourier transform along the action horizon at each denoising step and compare the resulting spectra
across steps. For each candidate k, we pad its velocity prefix to length H and apply a one-dimensional
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Figure 2: Horizon-aware evidence and episode outcomes. Analysis of 1,600 RoboTwin2.0
episodes with 7y and fixed K = H = 50. (a,b) Episode means of replan-level evidence:
Zintra(k) = RZ1 Y, Zintra,t (K)s Uinter (k) = Ryt >, Uinter,¢ (k). Sums and counts R, R, use valid
replans for each metric and horizon. Lines/bands show medians/interquartile ranges across episodes.
(c) Failure rates after median-splitting episode risks (within-episode 75th percentiles of 1 — gintya
and 1 — ginter). “Inter only”/*“Intra only” means only the named risk is high. Details: Appendix B.

Fourier transform along the action-horizon axis, separately for action dimensions j € {1,...,d,}
and nonnegative frequencies w € €:
Vi(w,j) = FFT, (V1) | where i) = Pady(viraw,) eRT% ()
w

Let Q; C 2 contain frequencies above cutoff fraction ¢, of the discrete frequency grid. The
fraction of energy in this band, aggregated across action dimensions, is

2
do |k .
Zweﬁhi Zj:l ‘Vg,r) (wa ]) ’
2
do |<(E :
Zweg Zj:l ‘Vg,'r) (w, J)’
High-frequency energy reflects rapid variation along the future-action axis. To track changes during
generation, we define an early baseline 7p; 1 o (k) = Wi ZIT/V:TOA Thi,t,~ (k) from the first W sampling

steps. The raw intra-chunk instability is its root mean square (RMS) deviation over all denoising
steps, including the baseline window:

Thit,r (k) = “

LT 1/2
Zintra,t (k) = [T > (ruier (k) — m,t,o(k))?] : )
7=0
The early window supplies a reference rather than being discarded from the RMS calculation. The
score measures deviation from this reference, not simply the final chunk’s high-frequency energy.
Because raw scales vary across tasks, policies, and action normalizations, we min-max normalize
this score within K and set gintra t(k) = exXP[—intraZintra,t(k)], Where qinera > O controls the
penalty strength. Larger spectral deviations thus receive lower quality. Normalization makes this a
relative comparison among candidate prefixes at the current replan. The resulting quality need not be
comparable in absolute scale across unrelated episodes. Fig. 2(a) uses the episode mean Zipg,o (k) of
this same replan-level score, with the exact aggregation specified in the caption.

3.3 INTER-CHUNK CONTINUITY

An internally stable prefix may still be incompatible with recent motion. For continuity window W7,
we concatenate the available history suffix and candidate future prefix:

Sgk) = [SufﬁX(Wh—k)Jr (Ht)a EAit,lv cee 7ét»k] ) ©

Here (2), = max(0,z). Let 6" = ||S£kz)+1 — Sl(t,ki) ||2 denote first-difference speed along the stitched
trajectory. The raw inter-chunk discontinuity is the speed coefficient of variation:

Uinger.+ (k) = Std ({5§"‘> }i) / Mean ({5§’“>}i) . @

4
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Figure 3: Overview of horizon adaptation. AHS normalizes raw evidence, maintains per-candidate
Beta reliability, and forms selection distribution p;. QHA distills dense evidence into a prior.

This proxy penalizes irregular speed, including boundary jumps and stop-and-go motion. A smaller
value indicates a more uniform stitched trajectory, whereas a larger value can reflect an abrupt
correction despite a smooth candidate viewed in isolation. As above, we min-max normalize within
K and set ginger,; (k) = exp[—BinterUinter,¢ (k)], With Binter > 0. Fig. 2(b) reports the corresponding
episode mean Ujyter (k) over valid replans. Failed episodes have higher median raw scores for both
evidence terms across the candidate horizons. The shaded bands show interquartile ranges.

3.4 DUAL-EVIDENCE FUSION

We combine internal stability and compatibility with recent motion into

qmix,t(k) - (1 - A)qintra,t(k‘) + Aqinter,t(k)7 )‘ c [07 1] (8)

The defaultis A = 0.5, with A = 0 and A = 1 recovering the intra-only and inter-only ablations. This
score supplies action-expert evidence for horizon inference, not a deterministic execution rule or a
calibrated task-success probability.

Fig. 2(c) summarizes episode risks by the 75th percentiles of 1 — gintra and 1 — ginter OVer replans,
then splits each risk at its median. Failure rises from 50.2% when both risks are low to 97.4% when
both are high, with intermediate rates when only one is high. These associations motivate combining
the evidence, but they do not establish that a low-risk prefix guarantees success. The diagnostic
episodes use fixed K = H = 50, so the comparison characterizes the association of evidence with
outcomes without selecting trajectories based on AHS decisions. Full distributions and aggregation
details are reported in Appendix B.

4  ACTION-AWARE HORIZON SELECTION AND QUERY-BASED ADAPTATION

AHS uses the candidate quality ¢mix (k) from Sec. 3 to maintain an online reliability posterior. QHA
optionally supplies a distilled dense horizon prior (Fig. 3). Neither updates the base action generator.

4.1 ACTION-AWARE HORIZON SELECTOR

Online reliability posterior. Manipulation alternates between phases such as approach, contact,
transport, and placement. A horizon that was useful in a stable phase may become undesirable after a
contact change, motivating memory that can also forget. To retain information across noisy replans,
AHS maintains a Beta state for each k € K, initialized by ag(k) = bo(k) = 1. This is episode-local
memory of evidence-derived reliability, not a supervised task-success model. Following Thompson
sampling (Russo et al., 2018), we draw a sample and combine it with the current quality:

&i(k) ~ Beta(as (k),bi(k)),  se(k) = & (k) gmix,e (k). ©)
Here gmix, measures the current chunk, while sampled reliability reflects accumulated episode-local
evidence. Their product combines both. Except for uniform exploration with probability €qyp,
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Table 1: AHS performance across simulation benchmarks. Success rate (%). Each comparison
uses the same policy checkpoint. A = SRans — SRBase-

Policy Task Scope  Train Recipe Base +AHS A (pp)
RoboTwin2.0 Easy and Hard

To.5 50 tasks multitask post-training 56.70 63.50 +6.80
0 8 tasks task-specific post-training  18.19 21.38 +3.19
0.5 8 tasks task-specific post-training ~ 29.63 36.25 +6.63
Fast-WAM 8 tasks multitask post-training 86.81 88.13 +1.31
RoboCasa GR1 Tabletop

0.5 24 tasks multitask post-training 40.08 42.50 +2.42
GROOT N1.5 24 tasks zero-shot 43.25 44.92 +1.67
GROOT N1.6 24 tasks zero-shot 47.61 51.42 +3.80
Qwen3GROOT 24 tasks multitask post-training 47.83 57.50 +9.67

temperature scaling and expected-round selection give:

pe (k) oc s (k) T, Z pe(k) =1, Ky = clipyy gavaiy round[z k,ut(k)}- (10)
kek kek

Here H#! is the available chunk length. If all scores degenerate, j; falls back to uniform over
valid candidates. Expected-round combines candidate preferences; exploration samples one valid
candidate uniformly. Clipping keeps the prefix within the available prediction. AHS executes &; 1., ,
appends the executed actions to 7, and replans from the next observation.

Posterior update with kernel forgetting. After execution, the soft feedback is y; =
> kekc Ht(K)qmix,t(k), or the sampled candidate quality on exploration steps. A Gaussian ker-
nel w; (k) o exp[—(k — K;)?/(20%)], normalized over K, shares feedback among nearby horizons.
Exponential forgetting (Raj & Kalyani, 2017) updates the state:

air1(k) = pra(k) +nw(k)y:, (11)
ber1(k) = prbe(k) +nwe(k)(1 —yy), (12)

where py, 1, and o control forgetting, update strength, and neighborhood sharing. Decaying old
evidence lets the selector adapt as the task changes phase. The feedback comes from action-expert
quality, not an observed task-success label. Neighboring candidates receive shared soft evidence
rather than independent rollout outcomes. Kernel sharing couples nearby lengths; forgetting discounts
earlier phases.

4.2 TRAINING-TIME QUERY-BASED HORIZON ADAPTER

QHA predicts a dense distribution py(K; = h | Cy, Z#') for h € {1,..., H} from VLM context
tokens C; and action-latent tokens Z;*. With a sparse candidate grid, AHS explicitly scores each
candidate, while QHA predicts a preference for every action step in one forward pass. Learned
horizon queries use bridge cross-attention over both token streams (Fig. 3). Architecture and teacher
construction are specified in Appendix A.6. The teacher normalizes dense evidence without online
Beta memory:

H
pr(h) o gt (B)/Treecr N " pr(h)y =1, h=1,..., H. (13)
h=1

Only QHA is trained, minimizing Lqua = KL(u} || ps). QHA thus encodes horizon preferences
across training episodes in its parameters, providing cross-episode memory that complements AHS’s
episode-local state. At deployment, let ¢mix+(h) denote quality on the dense grid, interpolated from
sparse evidence or scored directly on that grid. QHA supplies a prior, combined with dense Beta
reliability samples as

Seft £ (1) = E4(R) Gmixt () pg(Ky = h | C1, Z3)Y,  h=1,..., H, (14)
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where v > 0 controls prior strength. Applying temperature scaling and the selection rule above to this
dense score yields AHS+QHA, combining learned preferences with current episode evidence. The
dense prior supplies a context-conditioned preference before the episode-local state has accumulated
much evidence. It does not remove the need to record generation traces or evaluate AHS candidates
in the hybrid setting, as those computations provide the online correction to the prior.

5 EXPERIMENTS

Table 2: QHA augmentation and transfer on RoboTwin2.0. Success rate (%). Easy and Hard
denote clean and randomized settings. A: Evaluation on the eight tasks used to train QHA. B: For
0.5, QHA is trained on six tasks and evaluated on two held-out tasks. Results are averaged over
Easy and Hard. Bold marks the best method for each policy and evaluation condition.

A. QHA training-task evaluation
o (Black et al., 2024) mo.5 (Intelligence et al., 2025)

Task Base AHS AHS+QHA Base AHS AHS+QHA
Easy Hard Easy Hard Easy Hard Easy Hard Easy Hard Easy Hard

Blocks Ranking RGB  19.00 0.00 28.00 1.00 31.00 5.00 36.00 20.00 48.00 29.00 56.00 33.00

Handover Block 41.00 10.00 41.00 5.00 64.00 9.00 44.00 14.00 44.00 14.00 32.00 10.00
Handover Mic 100.00 2.00 100.00 24.00 100.00 30.00 98.00 64.00 100.00 56.00 98.00 59.00
Hanging Mug 17.00 3.00 14.00 9.00 23.00 10.00 14.00 8.00 13.00 12.00 13.00 14.00
Place A2B Left 24.00 1.00 34.00 0.00 39.00 1.00 41.00 4.00 47.00 4.00 47.00 15.00

Place Bread Basket 11.00 8.00 18.00 16.00 15.00 10.00 30.00 17.00 50.00 29.00 55.00 41.00
Place Bread Skillet 15.00 2.00 23.00 5.00 23.00 2.00 24.00 10.00 36.00 19.00 44.00 19.00
Place Can Basket 33.00 5.00 22.00 2.00 33.00 3.00 35.00 15.00 50.00 29.00 55.00 34.00

Mean by setting 3250 3.88 35.00 7.75 41.00 8.75 40.25 19.00 48.50 24.00 50.00 28.13
Overall 18.19 21.38 24.88 29.63 36.25 39.06

B. QHA transfer to held-out tasks (7o 5)

Task Base AHS AHS+QHA A vs. AHS (pp)
Blocks Ranking RGB 28.00 38.50 43.50 +5.00
Place Bread Basket 23.50 41.50 42.00 +0.50
Overall 25.75 40.00 42.75 +2.75

We evaluate on RoboTwin2.0 (Chen et al., 2025), RoboCasa GR1 Tabletop (Nasiriany et al., 2024),
and real robots. Each Base—AHS comparison fixes the policy checkpoint. AHS changes execution
without updating policy weights. Simulation tables report success rates (%). In Tabs. 1 and 2, tasks
are weighted equally after averaging Easy and Hard within each RoboTwin2.0 task. Rounding follows
aggregation. Easy and Hard denote clean and randomized settings. Appendix A specifies checkpoints,
candidate horizons, and evaluation protocols.

5.1 AHS ACROSS SIMULATION BENCHMARKS

Tab. 1 tests AHS across benchmarks and training regimes. Its task scope and training recipe distinguish
evaluation coverage from checkpoint provenance. Absolute scores across regimes are not matched-
policy comparisons. The evaluation spans task-specific post-training, multitask post-training, and
zero-shot deployment on the target benchmark. Gains in these regimes test whether execution
adaptation remains useful across the evaluated backbones. They do not imply that AHS repairs every
failed task or replaces policy training.

RoboTwin2.0. The full-suite evaluation uses one multitask-post-trained mq 5 (Intelligence et al.,
2025) checkpoint on 50 tasks, with 20 rollouts per task and setting. AHS improves success from
56.70% to 63.50% (4-6.80 percentage points). The eight-task evaluation uses task-specific g (Black
et al., 2024) and 7y 5 checkpoints and multitask Fast-WAM (Yuan et al., 2026), with 100 rollouts
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(a) Real-world manipulation tasks (b) Real-world performance
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Figure 4: Real-world deployment. (a) Four bimanual household tasks: fold towels, move bread to a
plate, move a drink to a basket, and put a duck toy into a drawer. (b) Normalized process scores for
mo.5 and 7y 5 + AHS over 15 rollouts per task.
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per task and setting. All three improve in aggregate. These are distinct checkpoint and evaluation
cohorts, not subset and full-suite results for one policy. Fast-WAM improves from 86.81% to 88.13%,
showing that execution adaptation can still help a stronger baseline, although its aggregate gain is
smaller than those of the task-specific policies. Appendix Tabs. 8 and 9 retain full per-task outcomes,
including regressions.

RoboCasa GR1 Tabletop. We evaluate all 24 tasks; the 7y 5 control uses 50 rollouts per task.
The multitask-post-trained 7 5 and Qwen3GROOT (Ye et al., 2026a; Community, 2026) improve
from 40.08% to 42.50% and from 47.83% to 57.50%, respectively. Both zero-shot Isaac-GROOT
baselines (Bjorck et al., 2025) also improve in aggregate. All four use L = {4,8,12,16}. Appendix
Tab. 10 provides the complete breakdown. Fixed-horizon, action-only, temporal-memory, and
AAC (Liang et al., 2026) comparisons appear in Appendix C.5.

5.2 QHA AUGMENTATION AND TRANSFER

Augmentation on QHA training tasks. Each policy family uses one QHA head trained on eight
tasks with the base policies frozen (Tab. 2A). AHS+QHA improves overall success over AHS from
21.38% to 24.88% for 7y and from 36.25% to 39.06% for g 5. Both Easy and Hard means improve,
but 7y 5 regresses on Handover Block in both settings. This may reflect a mismatch between the
shared horizon prior and the feedback timing required during bimanual object transfer.

Transfer to tasks held out from QHA training. A separate 7 5 head trains on six tasks and
tests on two held-out tasks (Tab. 2B). AHS+QHA improves the equal-task mean from 40.00% to
42.75%. Blocks Ranking RGB improves from 38.50% to 43.50%, compared with 41.50% to 42.00%
on Place Bread Basket. Only the horizon head is task-held-out: base policies remain task-specific.
Appendix C.1 gives the split, per-setting results, QHA-only control, and decision agreement.

5.3 REAL-WORLD DEPLOYMENT

We deploy 7 5 on the AgileX COBOT Magic ALOHA-style bimanual platform, comparing fixed
K = 25 with AHS over 15 rollouts on each of four household tasks (Fig. 4). Object positions vary
across rollouts to test spatial generalization. Scores average predefined sub-steps and rollouts to
measure partial progress, rather than binary success (Appendix A.1). AHS raises the equal-task mean
from 50.4% to 57.5%, with the largest gain on Duck Toy to Drawer: 50.0% to 63.3%.

5.4 ABLATION STUDIES

All three studies use Place A2B Left, Place Bread Basket, Place Bread Skillet, and Place Can Basket,
with 100 rollouts per task and condition. All three studies include Easy and Hard.
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Table 3: Candidate-set scaling on 7 5. Success and per-replan overhead over four RoboTwin2.0
tasks as |K| increases. Fixed denotes 7y 5 without horizon selection. ASuccess is in percentage
points.

Candidate set |/C| Success (%) ASuccess Replan time (ms) Overhead (%) Replan counts Ep. time (s)

Fixed - 22.00 - 95.83 - 422 2243
Ks 5 33.00 +11.00 96.50 0.70 8.36 23.17
Kio 10 32.50 +10.50 96.84 1.05 9.34 23.08
Kso 50 34.88 +12.88 99.28 3.60 10.57 21.39

Candidate-set scaling. On 7 5, five candidates raise success from 22.0% with fixed K = 50 to
33.0%, versus 34.9% with 50 candidates (Tab. 3). Added per-replan cost rises from 0.67 to 3.45 ms,
or 0.70-3.60% of policy inference time. Sparse candidates thus capture most of the gain. The table’s
episode times cover successes only, so they do not establish all-attempt cost. Appendix D.1 reports
all-episode costs for additional cohorts. Appendix E gives hyperparameter sweeps.

Component ablation. On 7, combining both ev-
idence terms without memory gives 14.6% over- Table 4: Component ablation (7). Four-task
all but 3.75% on Hard (Tab. 4). Full AHS reaches mean success. T()p two: bold/underline.

15.0% overall and the best Hard result, 5.75%, sup- yiethod
porting temporal memory. QHA raises overall suc-

Easy (%) Hard (%) Overall (%)

; Base 7 (default) 20.75 4.00 12.38

cess to 15.8% while Hard falls to 4.00%. Ap- Inter-chunkonly 2350 4.00 13.75
. . . Intra-chunk only 23.75 5.25 14.50
pendix C.5 compares memory designs with shared  Both evidence terms, no posterior 2550 375 14.63
: : Full AHS 2425 575 15.00
evidence and candidates. Full AHS+QHA 2750 400 15.75

Latency and asynchronous execution. We combine AHS with real-time chunking (RTC; Black
et al., 2025) on task-specific 7y 5 policies (Fig. 5). All predict H = 50 actions. Fixed uses target
budget K = 40, and AHS scores candidates in {10, 20, 30, 40} without QHA. At +200 ms, RTC
reduces AHS waiting from 7.893 to 0.344 s/episode on Hard and from 6.310 to 0.344 s on Easy.
Within RTC, AHS lowers mean observation age from 4.92 to 3.07 s on Hard and from 5.00 to 3.18 s
on Easy, while SR rises from 22.00% to 26.75% and from 39.00% to 42.75%, respectively. This
requires more policy calls and model computation (Appendix D.2). RTC does not uniformly improve
SR over synchronous AHS: at +200 ms on Easy, SR is 42.75% versus 44.75%.

--®-- Sync-Fixed -e-- Sync-AHS -—m— RTC-Fixed -s— RTC-AHS

(a) Waiting vs. age (b) SR across delays (c) Success over time
~ _ < § S 30 A
3546 a o - 30 < 226.75
g § | —— ] o el :23'75
o Added dels i = 254 T - g 20 4 - 22.00
- ed delay (left — right) x @ - ° = I ‘]9 25
% +0/+100 / +200 ms % '\___’. B i :
: . g 20 e oo SRR
3 3 m—m P - 8 g
= 15 S +200 ms
T T T T T T T »n 0 T 1
0.1 0.3 1 3 10 0 100 200 0 120 240
Waiting (s/ep, log scale) | Added delay (ms) Physical time (s)

Figure 5: AHS with asynchronous execution on 7y 5 Hard. (a) Mean waiting and observation age.
Points run left to right as +0/+100/4+200 ms additional delay. (b) Final SR. (c) SR(¥) at +200 ms. All
400 outcomes per condition are included. Bars and shading are marginal/pointwise 95% paired-seed
bootstrap intervals within four tasks. Time uses a controlled physical clock with a 142 ms base delay,
not native deployment timing. Easy curves and full results: Appendix D.2.
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6 CONCLUSION

ChunkTrust adapts robot-policy execution horizons using action-expert evidence. AHS combines
spectral stability, inter-chunk continuity, and online temporal memory, while optional QHA training
supplies a distilled horizon prior without changing the base policy. Experiments support aggregate
gains across two simulation benchmarks and real-world manipulation, while transfer, ablation, and
cost analyses characterize where adaptation helps. The method requires accessible generation traces,
and gains are not uniform across tasks. The evaluation also separates per-replan overhead from
episode-level cost: a small selector cost does not imply identical total rollout time. Task breakdowns
likewise expose regressions that aggregate gains can conceal, particularly when a learned prior is
combined with online evidence. Future work includes multi-chunk horizon inference, cross-policy
transfer of the learned prior, and broader real-world validation across hardware and domain shifts.
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ChunkTrust: Adapting Execution Horizons
for Robot Policies with Action-Expert Evidence

Appendix

A  EXPERIMENTAL SETUP

We specify evaluation cohorts, checkpoints, scoring criteria, and implementation settings for the
results in Sec. 5.

A.1 REAL-WORLD EXPERIMENTS

Hardware Setup. We conduct real-world experiments on an AgileX COBOT Magic platform
configured as an ALOHA-style bimanual system (Fu et al., 2024a;b), as shown in Fig. 6. The
platform consists of four 6-DoF Piper arms, with two leader arms used for human teleoperation and
two follower arms used for data collection and autonomous policy execution. The perception system
includes three RealSense D435 cameras: one front-view camera and two wrist-mounted cameras, one
on each follower arm.

Puppe Riéht‘

Camera Right

Figure 6: Real-world robot platform. AgileX COBOT Magic configured as an ALOHA-style
bimanual system for teleoperation, data collection, and autonomous policy execution.

Tasks and evaluation. We collect 200 human-teleoperated demonstrations for each of four biman-
ual tasks and evaluate 7 5 with fixed K = 25 or AHS over 15 rollouts per task. Data are recorded at
30 FPS, with task-relevant object positions varied across evaluation rollouts. Instructions are ‘“Fold
the towel with both arms,” “Move the bread to the plate with both arms,” “Move the drink to the
basket with both arms,” and “Put the duck toy into the drawer with both arms.” These tasks cover
approach, contact, transport, alignment, and placement (Fig. 4).

Process scores. Each sub-step receives 0 for failure, 0.5 for recovered or imperfect completion,
and 1 for smooth, accurate completion. We average equally over the task’s sub-steps and its rollouts,
reporting the result as a percentage. Table 5 preserves the task-specific criteria. In the drawer task, the
arm assignment depends on the layout: one arm opens/closes the drawer and the other manipulates
the toy.
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Table 5: Real-world scoring criteria. Scoring is independent of arm assignment.

Task and sub-step 0 0.5 1

Bread: grasp Fails to grasp Multiple attempts Smooth first attempt

Bread: handover Handover fails Unstable/awkward receiving Stable, aligned grasp
grasp

Bread: place on plate Not placed Poor alignment or rough Clean placement
placement

Drink: push Only tilts, no useful Acceptable position, Good position, stable

displacement tilt/misalignment alignment

Drink: grasp Fails to grasp Multiple attempts Smooth first attempt

Drink: place in basket Fails or drops drink Rough placement/collision ~ Clean placement

Towel: first fold, second  Not folded over Folded, misaligned Folded, well aligned

fold

Duck: open drawer, grasp Sub-step fails Multiple attempts Smooth first attempt

toy, place toy, close

drawer

A.2 SIMULATION EXPERIMENTS

RoboTwin2.0 (Chen et al., 2025) contains 50 bimanual manipulation tasks with strong domain
randomization. The complete-suite evaluation in Tab. 1 uses one multitask 7y 5 checkpoint on
all 50 tasks, with 20 rollouts per task, setting, and method (2,000 per method). The eight-task
evaluation uses 100 rollouts per task, setting, and method (1,600 per method), on Blocks Ranking
RGB, Handover Block, Handover Mic, Hanging Mug, Place A2B Left, Place Bread Basket, Place
Bread Skillet, and Place Can Basket. Each task is evaluated under two settings: Easy (clean scenes)
and Hard (randomized object poses, lighting, and distractor placement). Results report success rate,
averaged equally across the tasks and settings in each cohort.

RoboCasa GR1 Tabletop (Nasiriany et al., 2024) provides 24 pick and-place tasks spanning everyday
object categories and novel source—target combinations. We evaluate all 24 tasks, using 50 rollouts
per task for the 7y 5 control. Historical policy results retain their reported evaluation budgets and
precision. Task success is determined by the native RoboCasa success checker.

A.3 BASE PoLICY CHECKPOINTS
For the eight-task RoboTwin2.0 evaluation, checkpoints follow the protocol of each base policy:

e mo (Black et al., 2024): we train LoRA adapters (Hu et al., 2022) with the released
RoboTwin2.0 fine-tuning protocol. For each evaluated task, one adapter is trained on
that task’s clean50 demonstrations and then evaluated. The action chunk size is H = 50,
with a flow-matching action expert (Lipman et al., 2023) using 10 sampling steps.

* mo.5 (Intelligence et al., 2025): we use the official RoboTwin2.0 fine-tuning recipe for
full-parameter fine-tuning. For each evaluated task, one task-specific checkpoint is trained
on clean50 demonstrations and then evaluated. The action chunk size is H = 50, with a
flow-matching action expert (Lipman et al., 2023).

* X-VLA (Zheng et al., 2026): we evaluate the released X-VLA RoboTwin2.0 checkpoint.
The action chunk size is H = 30, with a flow-matching action expert.

e Fast-WAM (Yuan et al., 2026): we evaluate the released Fast-WAM multitask RoboTwin2.0
checkpoint on our eight-task subset, rather than post-training a separate policy for each task.
The action chunk size is H = 32, with a flow-matching action expert.

Multitask 7 5 checkpoints. The complete-suite controls initialize from the official p105_base
and use benchmark-specific full-parameter post-training. RoboTwin2.0 uses 50 clean demonstrations
per task (2,500 trajectories and 549,787 frames). RoboCasa GR1 uses 24,000 demonstrations and
6,020,058 frames across 24 tasks. Both use task-uniform sampling, one global quantile normalizer
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per benchmark, global batch size 256, seed 42, and eight H100 GPUs for training, with the checkpoint
fixed at step 30,000. RoboTwin uses H = 50 and Base K = 50, while RoboCasa uses H = 16
and Base K = 16. The latter maps the raw 44-dimensional GR1 interface to 29 effective absolute
controls in the padded policy interface. These controls share a policy architecture, not weights across
benchmarks. Within each benchmark, Base and AHS use identical policy weights. Their evaluation
runs on one RTX 4090.

For the other RoboCasa policies, Isaac-GROOT N1.5 and Isaac-GROOT N1.6 (Bjorck et al., 2025)
use released base checkpoints without additional benchmark post-training. Qwen3GROOT uses the
released 24-task multitask-post-trained GR1 checkpoint from StarVLA (Ye et al., 2026a; Commu-
nity, 2026). Thus, “zero-shot” in Tab. 1 describes benchmark adaptation, not an absence of robot
pretraining.

A.4 AHS HYPERPARAMETER CONFIGURATIONS

Candidate sets and continuity windows depend on the policy and benchmark:

Evaluation Candidate horizons X  Continuity window W,
RoboTwin2.0, mo and mo.5 {10, 20, 30, 40, 50} 60
RoboTwin2.0, X-VLA and Fast-WAM {10, 20, 30} 40
RoboCasa GR1, all policies {4,8,12,16} 20

The scaling ablation compares K5 = {10,20,30,40,50}, K19 = {5,10,...,50}, and K59 =
{1,...,50}. Shared defaults are tintra = Binter =4, A =0.5, a0 = by = 1, py = 0.99, 7 =1, and
ok = 10. The original eight-task study uses expected-round selection at Tie; = 0.8, with Thompson
exploration probability €cy, = 0.05. The full50 evaluation uses T = 1.0, and the RoboCasa 7y 5
control uses 0.8.

Spectral scoring zero-pads each velocity prefix to H before FFT, uses the first W, = 3 denoising
steps as its reference, window RMS for z, and cutoff fraction ¢,y = 0.25. Without sufficient executed
history, AHS uses intra-chunk-only scoring (A = 0). Costs appear in Appendix D.1.

A.5 EVALUATION PROTOCOL

For every (base policy, task, setting) combination, we run a fixed number of rollouts with AHS
enabled. Each rollout starts from the standard initial state distribution of the benchmark. The online
AHS posterior is reset to its prior (ag = by = 1) at the beginning of each episode, so its rollout
history is episode-local. When QHA is used, its learned weights are reused across episodes without
online training. Success is determined by the benchmark’s native success checker. We report the
raw success rate (percentage of successful rollouts) and equal-weight averages over the stated task
and setting groups. Absolute differences are in percentage points. The A (pp) columns subtract the
corresponding success-rate percentages, rather than reporting relative percentage changes.

In the 50-task evaluation, 62 of the 100 task—setting conditions use exact same-seed and instruction
pairing between Base and AHS. The other 38 use deterministic, method-specific fallback identities
selected without outcome information after repeated scene-construction failures. The full-suite
averages include both groups. Identical episode identities are not assumed for the fallback group.

For the main RoboTwin2.0 benchmarks, Fast-WAM inference uses one NVIDIA H100 (80 GB); 7o,
To.5, and X-VLA use one RTX 4090 (24 GB). The RoboCasa 7 5 control also uses one RTX 4090.
Hardware metadata for separate runtime profiles is discussed in Appendix D.1. Replanning frequency
depends on the selected horizon and execution scheduler.

A.6 QHA TRAINING CONFIGURATIONS

Inputs and teacher. For Tab. 2A, we train one shared QHA per policy family (7 or 7. 5) across
all eight tasks, keeping the task-specific base generators frozen. Training uses their clean50 Aloha-
AgileX LeRobot datasets, with task-balanced batches of 256 (32 per task). Inputs comprise three
RGB streams, robot state, action windows, VLM context tokens C; with mask M, and action-latent
tokens Z;* from the final chunk. The action-query window includes 64 history and 50 future steps.
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The frozen checkpoint generates the chunk At, evidence F%, and dense teacher 1 online. The teacher
follows Eq. 13 over h = 1,...,50 at Tieach = 1, using current evidence without episode-local Beta
memory. The six-task held-out protocol is specified separately in Appendix C.1.

Architecture and optimization. Context and action tokens are projected into a shared d = 256
space with positional encodings. One bridge layer updates eight learned queries by cross-attending
to masked context, then action tokens, followed by self-attention, each with residual connec-
tions (Vaswani et al., 2017). It uses eight attention heads, zero dropout, and an enabled fusion
gate. Query pooling and an MLP produce 50 logits followed by a softmax. We minimize KL (1} ||pg)
with weight 1 and numerical floor 107%. Only QHA parameters are updated and the base flow-
matching loss is zero. AdamW runs for 10,000 steps with batch size 256, global-norm clipping 1,
weight decay 1071, and EMA 0.99. The warmup-cosine schedule uses 1,000 warmup steps, peak
learning rate 5 x 107>, and final rate 5 x 107,

Deployment. QHA provides the dense prior in Eq. 14. The sparse-evidence variant interpolates
dmix, (k) from K onto {1,..., H} before Beta sampling. The dense-evidence variant scores each
horizon directly, as in the held-out study. Both maintain dense Beta states and apply temperature
scaling, expected-round selection, and uniform exploration as in Sec. 4.1. Posterior feedback uses
prior-weighted quality Gmix ¢ (h)ps(h)?. The held-out study sets v = 1.

B ACTION-EXPERT EVIDENCE DIAGNOSTICS

B.1 EVIDENCE DISTRIBUTIONS AND BOUNDARY PROFILES

Data and aggregation. We analyze the same 1,600 7y RoboTwin2.0 episodes as Fig. 2: eight
tasks, two settings, and 100 episodes per task—setting pair, with 291 successes and 1,309 failures. All
episodes execute fixed K = H = 50. The candidates k € {10, 20, 30,40, 50} are scored on these
recorded traces. They are not five separate executed-horizon experiments.

For each candidate, we average finite scores over replans within an episode, then report medians and
IQRs over episode means. The valid counts can differ between the two metrics because inter-chunk
evidence requires executed history. The intra score follows Eq. 5, with prefixes zero-padded to H, a
three-step gaseline, and RMS over all ten denoising steps. Recomputed scores match the logs within
1.5 x 107°.
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Figure 7: Full evidence distributions and boundary behavior. (a,b) Episode means of the opera-
tional scores, with violin marks indicating medians. Widths show within-group density, not relative
sample counts. (c¢,d) Normalized speed profiles for candidate £ = 10 and k£ = 50, with dashed
vertical lines marking the history—prediction join. Curves show means and bands show P10-P90
across episode profiles, not confidence intervals or the IQR bands used in the main figure.

For boundary profiles, we compute first-difference speeds in the W}, = 60 stitched window of Eq. 6,
normalize by the window mean, and average within each episode before summarizing across episodes.
This prevents longer episodes receiving extra weight.

B.2 JOINT RISK AND EPISODE OUTCOMES
At the executed K = 50, each episode’s intra/inter risk is the 75th percentile of 1 — gintra,:(50)

or 1 — ginter,+(50) over valid replans. Pooled median thresholds are 0.98168436 and 0.96278395,
respectively. Values strictly below the threshold are low and ties are high, so group sizes can differ.
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Figure 8: Joint-risk landscape on the same 1,600 episodes. Dashed lines mark the original median
thresholds. Points denote episodes, with outcome colors as in Fig. 7. Color shows the smoothed local
failure fraction. Lower opacity denotes lower smoothed occupancy. The color scale saturates below
0.25 and above 0.95. The map is descriptive. Group failure rates below are computed directly from
episode outcomes, not read from the smoothed colors.

Table 6: Exact median-split group outcomes. Counts and failure rates reproduce Fig. 2(c).

Group Intrarisk Interrisk  Episodes Failures Failure rate
Both low Low Low 313 157 50.2%
Inter only Low High 193 144 74.6%
Intra only High Low 487 417 85.6%
Both high High High 607 591 97.4%

The map uses a 23 x 23 grid with 7% range padding and separable kernel [1,4,6,4,1]/16. Suc-
cess/failure counts are smoothed separately before division (stabilizer 10~12). Opacity scales to the
90th occupancy percentile, hiding cells below 1073,

Scope of the evidence. These are pooled, retrospective associations from one policy and a fixed
execution horizon. They do not establish causality, calibrated failure prediction, within-task effects
independent of task difficulty, or how long a particular prefix remains reliable at the current replan.
The benefit of adaptive execution is evaluated separately in the policy comparisons and ablations, not
inferred from this heatmap.

C FULL SIMULATION BENCHMARK RESULTS

C.1 QHA TRANSFER TO HELD-OUT TASKS

For Tab. 2B, QHA is trained on Handover Block, Handover Mic, Hanging Mug, Place A2B Left,
Place Bread Skillet, and Place Can Basket. Blocks Ranking RGB and Place Bread Basket are
held out. The QHA head uses step 10,000, and frozen task-specific m 5 bases use step-20,000
clean50 checkpoints without quantile normalization. All selectors use {1,...,50} and expected-
round selection at temperature 1.0. AHS+QHA uses v = 1.0. This cohort differs from the eight-task
study in Tab. 2A.

AHS, QHA-only, and AHS+QHA share 100 episode identities per task and setting (400 per method).
Historical Base in Tab. 2B is outside this paired cohort. The transfer comparison is AHS+QHA
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versus AHS. Table 7 retains all four conditions: fusion improves two and reduces success in two. The
aggregate gain does not establish uniform improvement or transfer of the base policy.

Table 7: Complete held-out comparison. Success rate (%) for the 7 5 policy with QHA trained
on six tasks and evaluated on two held-out tasks. Each task and setting uses 100 paired episodes.

A = SRans+qua — SRams.

Task Setting AHS QHA-only AHS+QHA A (pp)
Blocks Ranking RGB Easy 44.00 48.00 57.00 +13.00
Blocks Ranking RGB Hard 33.00 29.00 30.00 -3.00
Place Bread Basket Easy 52.00 50.00 49.00 -3.00
Place Bread Basket Hard 31.00 31.00 35.00 +4.00
Overall Both 40.00 39.50 42.75 +2.75

Same-state decision disagreement. In AHS+QHA traces, the QHA and AHS component choices
differ at 77.02% of 12,573 replans, with a mean absolute gap of 1.83 action steps. Easy contributes
5,533 replans (77.17%, 1.84 steps) and Hard 7,040 (76.90%, 1.82 steps). This measures differences
at the same states, without establishing complementarity or explaining success gains.

C.2 COMPLETE 50-TASK ROBOTWIN2.0 EVALUATION

Table 8: Complete 50-task RoboTwin2.0 results. Success rate (%) for the shared
multitask 7o.5 checkpoint, with 20 episodes per task, setting, and method. A is
AHS minus Base, averaged over Easy and Hard.

Task Easy Hard A (pp)
Base AHS Base AHS

adjust bottle 100.00 100.00 90.00 95.00 +2.50
beat block hammer 70.00 80.00 15.00 50.00 +22.50
blocks ranking rgb 80.00 95.00 40.00 70.00 +22.50
blocks ranking size 25.00 45.00 25.00 35.00 +15.00
click alarmclock 60.00 6500 4500 4500 +2.50
click bell 35.00 70.00 55.00 55.00 +17.50
dump bin bigbin 95.00 95.00 80.00 75.00 -2.50
grab roller 100.00 100.00 90.00 90.00 +0.00
handover block 65.00 65.00 10.00 35.00 +12.50
handover mic 100.00 100.00 15.00 15.00 +0.00
hanging mug 20.00  30.00 5.00 10.00 +7.50
lift pot 65.00 70.00 30.00 35.00 +5.00
move can pot 50.00 75.00 10.00 25.00 +20.00
move pillbottle pad 55.00 80.00 30.00 30.00 +12.50
move playingcard away ~ 90.00 80.00 75.00 75.00 -5.00
move stapler pad 20.00 35.00 20.00 5.00 +0.00
open laptop 95.00 90.00 85.00 70.00 -10.00
open microwave 85.00 50.00 35.00 25.00 -22.50
pick diverse bottles 45.00 55.00 35.00 70.00 +22.50
pick dual bottles 55.00 70.00 75.00 75.00 +7.50
place a2b left 75.00 70.00 55.00 65.00 +2.50
place a2b right 70.00 75.00 50.00 50.00 +2.50
place bread basket 55.00 75.00 55.00 55.00 +10.00
place bread skillet 35.00 55.00 60.00 5500 +7.50
place burger fries 95.00 95.00 90.00 100.00 +5.00
place can basket 40.00 85.00 0.00 35.00 +40.00
place cans plasticbox 40.00 85.00 55.00 80.00 +35.00
place container plate 75.00 90.00 80.00 80.00 +7.50
place dual shoes 75.00 85.00 50.00 60.00 +10.00
place empty cup 100.00 100.00 65.00 70.00 +2.50
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Table 8 continued

Task Easy Hard A (pp)
Base AHS Base AHS

place fan 75.00 75.00 45.00 40.00 -2.50
place mouse pad 15.00 45.00 25.00 25.00 +15.00
place object basket 50.00 60.00 20.00 35.00 +12.50
place object scale 60.00 85.00 45.00 50.00 +15.00
place object stand 85.00 80.00 55.00 90.00 +15.00
place phone stand 65.00 65.00 45.00 3500 -5.00
place shoe 85.00 90.00 75.00 55.00 -7.50
press stapler 100.00  90.00 60.00 70.00 +0.00
put bottles dustbin 45.00 65.00 50.00 55.00 +12.50
put object cabinet 25.00 35.00 20.00 15.00 +2.50
rotate qrcode 80.00 85.00 30.00 30.00 +2.50
scan object 20.00 40.00 20.00 50.00 +25.00
shake bottle 100.00 100.00 100.00 100.00 +0.00
shake bottle horizontally 100.00 100.00 100.00 100.00 +0.00
stack blocks three 75.00 55.00 35.00 45.00 -5.00
stack blocks two 85.00 100.00 80.00 90.00 +12.50
stack bowls three 60.00 65.00 35.00 30.00 +0.00
stack bowls two 100.00 85.00 85.00 90.00 -5.00
stamp seal 35.00 30.00 25.00 30.00 +0.00
turn switch 40.00 40.00 25.00 25.00 +0.00
Mean by setting 6540 73.10 48.00 5390 +6.80
Overall Base: 56.70 AHS: 63.50 +6.80

Table 8 expands the multitask 7y 5 row of Tab. 1. Base and AHS succeed in 1,134 and 1,270 of 2,000
episodes, respectively, giving 56.70% and 63.50% overall. Easy success increases from 65.40% to
73.10%, and Hard from 48.00% to 53.90%. All 50 tasks are retained, including nine tasks with a
negative change after averaging the two settings.

Statistical robustness and pairing scope. The full-matrix gain is 6.80 percentage points, with a
task-cluster 95% bootstrap interval of [3.75, 9.95]. This interval resamples the 50 tasks, retaining
both settings and methods within each task. Only 62 of 100 task—setting cells preserve exact seed-and-
instruction pairing, while the remaining 38 cells use deterministic, outcome-blind, method-specific
fallback identities after scene-construction failures. The 1,240 exact episode pairs yield a gain of 7.58
percentage points with a paired 95% interval of [5.08, 10.08], resampling episodes within these cells.
Both intervals use 10,000 bootstrap draws, but their statistical units and populations differ: the paired
interval applies only to the exact-identity subset, not the full matrix.

C.3 EIGHT-TASK POLICY-FAMILY EVALUATION

The task-specific g and 7 5 matrices appear in Tab. 2A. Table 9 provides the corresponding Base—
AHS breakdown for Fast-WAM and X-VLA (Zheng et al., 2026), evaluated on the same eight tasks
with 100 rollouts per task and setting. Both use K = {10, 20, 30}. Each Base—~AHS comparison uses
the same released policy checkpoint. Fast-WAM’s overall success increases from 86.81% to 88.13%.
For X-VLA, AHS slightly improves overall success from 47.44% to 47.75%: Easy increases from
74.50% to 75.75%, while Hard decreases from 20.38% to 19.75%. Individual task regressions are
retained for both policies.

C.4 ROBOCASA GR1 TABLETOP

Table 10 reports the full 24-task RoboCasa GR1 Tabletop breakdown for 7 5 and the three GROOT-
family policies summarized in Tab. 1. QwenFAST (discrete tokens) and QwenPI (flow-matching
action expert) are additional StarVLA-codebase references (Ye et al., 2026a; Community, 2026),
both using Qwen3VL (Bai et al., 2025). Neither has an AHS counterpart in this table. For 7 5, the
24-task means are 40.08% for Base and 42.50% for AHS, matching Tab. 1.

22



Preprint.

Table 9: Fast-WAM and X-VLA per-task success rates on RoboTwin2.0. Success rate (%) over
100 rollouts per task and setting. Easy and Hard denote clean and randomized settings. Each Base—
AHS comparison fixes the policy checkpoint. Yellow columns use AHS, and bold marks the better
method within each policy and setting, including ties.

Fast-WAM (Yuan et al., 2026) X-VLA (Zheng et al., 2026)

Task Base AHS Base AHS

Easy Hard Easy Hard Easy Hard Easy Hard
Blocks Ranking RGB 99.00 98.00 100.00 100.00 87.00 34.00 95.00 38.00
Handover Block 94.00 81.00 91.00 82.00 89.00 2.00 88.00 1.00
Handover Mic 100.00 99.00 100.00 100.00 97.00 1.00 100.00 1.00
Hanging Mug 66.00 64.00 71.00 69.00 32.00 8.00 35.00 4.00
Place A2B Left 95.00 95.00 93.00 93.00 31.00 25.00 40.00 21.00
Place Bread Basket 91.00 91.00 93.00 94.00 87.00 41.00 80.00 42.00
Place Bread Skillet 91.00 91.00 94.00 94.00 86.00 22.00 88.00 23.00
Place Can Basket 71.00 63.00 69.00 67.00 87.00 30.00 80.00 28.00
Mean by setting 88.38 85.25 88.88 87.38 74.50 20.38 75.75 19.75
Overall 86.81 88.13 47.44 47.75

Table 10: Full per-task success rates on RoboCasa GR1 Tabletop. Full 24-task breakdown, with
50 rollouts per task for 7y 5. Yellow columns use AHS and parentheses report percentage-point deltas
over Base. Bold marks the best result in each row, including ties.

QwenFAST QwenPl  Jsaac-GROOT ~ TIsaac-GROOT ~ Qwen3GROOT

Task +Qwen3VL +Qwen3VL N1.5 N1.6 +Qwen3VL 0.5
Base AHS Base AHS Base AHS Base AHS

PnPBottleToCabinetClose 38.0 26.0 64.0 68.0(+40) 51.5 54.0+25 46.0 64.0(+180) 64.00 68.00 (+4.00)
PnPCanToDrawerClose 44.0 62.0 18.0 12.0¢60) 13.0 12.0¢-1.0) 80.0 80.0(+0.0) 58.00 56.00 (-2.00)
PnPCupToDrawerClose 56.0 42.0 120 4.0¢80) 85 14055 540 52.02.0 34.00 40.00 (+6.00)
PnPMilkToMicrowaveClose 44.0 50.0 38.0 34040 140 20.0+60) 48.0 42.0¢-6.00 40.00 44.00 (+4.00)
PnPPotatoToMicrowaveClose 14.0 42.0 54.0 36.0(¢-1800 41.5 50.0+85 28.0 28.0+0.0 22.00 30.00 (+8.00)
PnPWineToCabinetClose 14.0 32.0 16.0 20.0(+4.0) 165 24.0+75 46.0 52.0+6.0) 52.00 56.00 (+4.00)
PnPNovelFromCuttingboardToBasket 54.0 40.0 50.0 52.0+20) 58.0 54.0(40) 48.0 70.0(+22.0) 34.00 34.00 (+0.00)
PnPNovelFromCuttingboardToCardboardbox 42.0 46.0 36.0 34020 465 46.0¢05 40.0 54.0(+14.0) 32.00 40.00 (+8.00)
PnPNovelFromCuttingboardToPan 58.0 60.0 68.0 64.040) 685 80.0+11.5 68.0 80.0+12.0) 54.00 58.00 (+4.00)
PnPNovelFromCuttingboardToPot 58.0 40.0 340 56.0+220) 65.0 64.0¢-1.0) 52.0 76.0(+24.0) 46.00 40.00 (-6.00)
PnPNovelFromCuttingboardToTieredbasket 40.0 44.0 46.0 32.0(-140) 46.5 54.0:75 56.0 44.0(-12.00 22.00 28.00 (+6.00)
PnPNovelFromPlacematToBasket 36.0 44.0 50.0 46.0(4.00 58.5 48.0(-105 42.0 54.0+12.0) 42.00 46.00 (+4.00)
PnPNovelFromPlacematToBowl 38.0 52.0 50.0 62.0 +12.00 57.5 60.0 (+25) 44.0 66.0 (+22.0) 34.00 32.00 (-2.00)
PnPNovelFromPlacematToPlate 42.0 50.0 62.0 66.0(+40) 63.0 82.0+19.0) 48.0 72.0(+24.0) 46.00 48.00 (+2.00)
PnPNovelFromPlacematToTieredshelf 18.0 28.0 140 26.0+1200 28.5 36.0(+75 18.0 20.0=+20) 28.00 28.00 (+0.00)
PnPNovelFromPlateToBowl 52.0 52.0 58.0 58.0+0.00 57.0 58.0+1.0) 60.0 60.0(+0.0) 40.00 44.00 (+4.00)
PnPNovelFromPlateToCardboardbox 30.0 40.0 40.0 48.0(+8.0) 43.5 58.0 (+145 50.0 54.0(+4.0) 28.00 30.00 (+2.00)
PnPNovelFromPlateToPan 48.0 36.0 440 48.0(+40) 51.0 68.0 (+17.0) 54.0 54.0 (+0.00 32.00 36.00 (+4.00)
PnPNovelFromPlateToPlate 50.0 48.0 66.0 74.0+s80) 787 82033 70.0 74.0+4.0) 54.00 54.00 (+0.00)
PnPNovelFromTray ToCardboardbox 28.0 34.0 440 52.0+80) 51.5 48.0(35 38.0 56.0(+18.0) 48.00 50.00 (+2.00)
PnPNovelFromTrayToPlate 34.0 64.0 50.0 60.0 +10.00 71.0  68.0(3.0) 56.0 62.0+6.0) 40.00 40.00 (+0.00)
PnPNovelFromTrayToPot 46.0 44.0 46.0 50.0+4.0) 645 64.0-05 50.0 66.0 (+16.0) 54.00 54.00 (+0.00)
PnPNovelFromTrayToTieredbasket 36.0 50.0 44,0 38.0¢-60) 57.0 56.0¢-1.00 36.0 56.0(+20.0) 34.00 36.00 (+2.00)
PnPNovelFromTrayToTieredshelf 16.0 28.0 340 38.0+40 31.5 34.0+25 160 44.0 +28.0) 24.00 28.00 (+4.00)
Average 39.00 43.92 43.25 44.92 (+1.67) 47.61 51.42 (+3.80) 47.83 57.50 (+9.67) 40.08 42.50 (+2.42)

C.5 HORIZON-SELECTION COMPARISONS

Table 11 reports additional controls for horizon selection, separately from the cross-policy results in
Tab. 1.

Fixed, action-only, and evidence-update selectors. The 7, study uses Place A2B Left, Place
Bread Basket, Place Bread Skillet, and Place Can Basket under Easy and Hard settings, with 16
paired episodes per task and setting (128 per selector); the Instantaneous row is a separate historical
reference. This is a separate evaluation cohort from the 100-rollout studies in Tabs. 3 and 4. The
global fixed horizon K = 20 is selected retrospectively from historical results, not from a held-out
validation set. Jerk-min uses an action-only smoothness criterion on X = {10, 20, 30,40, 50}.
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The evidence-update variants share this candidate grid and the same instantaneous evidence, using
expected-round selection with temperature 0.8. Instantaneous uses gmix,; (k), whereas EMA maintains
my(k) = pemami—1(k) + (1 — pEMA ) gmix,¢ (k) With peva = 0.99. Neither comparator uses Beta
counts or kernel neighborhood sharing. Full Beta is the shared AHS reference. Results describe
success and call-count trade-offs without exact compute matching. The paired 95% SR-difference
interval between AHS and Jerk-min includes zero, so this compact study does not establish an SR
advantage.

Table 11: Horizon-selection outcomes and recorded costs. RoboTwin2.0 uses 7y on four tasks
under Easy and Hard (128 episodes per selector). Instantaneous is historical, with matching timing
unavailable. Inference and wall times are seconds per episode. RoboCasa references are non-paired.
Bold/underline mark best/second-best SR among the displayed methods within each benchmark.

RoboTwin2.0

Selector SR (%) 1t Calls/ep Policy infer Total infer Wall
Global fixed (K = 20) 14.84 25.96 2.75 2.75 54.33
Jerk-min 14.06 21.14 2.28 2.28 52.01
EMA ¢pix 10.94 19.72 2.05 2.07 46.72
AHS (Full Beta) 15.63 20.71 2.26 2.28 53.47
Instantaneous ¢,y (historical) 13.28 19.58 — — —

RoboCasa GR1 Tabletop, Qwen3GROOT, 24 tasks
Base AAC-core AHS

SR (%) Tt 47.83 52.58 57.50

AAC-core on RoboCasa. We evaluate a joint-space adapter of Adaptive Action Chunking (Liang
et al., 2026) on Qwen3GROOT over 24 tasks with 50 rollouts per task. Each replan draws 20 action-
head samples under the same observation and instruction. A prefix-entropy elbow and a movement
guard determine K € {2,...,16}, and the first sampled chunk supplies the executed actions. The
adapter operates on the policy’s native 29-dimensional absolute joint targets. It is not an exact
reproduction of the published Cartesian-action implementation. AAC-core obtains 52.58% success.
Historical Base/AHS values from Tab. 1 provide non-paired context only. We do not report a paired
difference or infer compute equivalence from policy call counts.

D RUNTIME AND LATENCY

D.1 POLICY-CALL AND RUNTIME COSTS

We group runtime measurements by available timing scope. Means include all episodes, including
failures. Policy inference excludes separately timed selector work, but recorded total inference
includes it. Episode wall time includes simulation and within-episode overhead, not physical robot
execution time. These are descriptive profiles, not hardware-matched cross-policy rankings.

Compact-selector timings are included with their success rates in Tab. 11.

Shared timing scope for 7 5. Table 12 reports policy inference rather than total inference: the
50-task logs lack a separate total, and QHA selection occurs outside the policy timer without a
separate selector timer. The local AHS reference has a recorded total of 3.49 s per episode. Both
QHA variants make fewer calls but have higher policy-inference and wall times than this reference.
We keep the local profile separate from Tab. 2B and do not derive success-normalized efficiency
across result versions. These costs characterize the recorded implementation, not an intrinsic QHA
cost.

AAC-core sampling cost. On RoboCasa GR1 Tabletop with Qwen3GROOT (24 tasks, 1,200
episodes), AAC-core averages 180.95 calls, 20.98 s of synchronized total inference, and 47.56 s of
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Table 12: Policy-inference and episode costs for 7y 5. RoboTwin2.0 averages include failures. The
two panels are separate cohorts. Panel B profiles local QHA runs, not the success-rate version in
Tab. 2B.

Calls/ Policy inference Episode wall
Method episode (s/episode) time (s/episode)
A. Full 50-task evaluation 2,000 episodes per method
Base 8.00 0.97 38.19
AHS 14.50 1.55 36.83
B. Local QHA profile 2 held-out tasks, 400 episodes per method
AHS 33.77 3.29 68.60
QHA-only 29.81 18.87 81.53
AHS+QHA 3143 19.88 83.32

wall time per episode. Each call samples 20 action chunks, giving 4,342,740 chunks in total. No
policy-only timing aggregate is available. Historical Base/AHS references are not joined to these
records. RTX 4090 use is documented for AAC-core and the 50-task study. Exact device metadata is
unverified for the compact and QHA bundles.

D.2 LATENCY AND ASYNCHRONOUS EXECUTION

The policy prediction horizon is H = 50. Fixed K = 40 is a target execution budget. RTC can replace
a chunk at the first legal waypoint boundary after readiness. The AHS candidates are {10, 20, 30, 40}.
This cohort uses no QHA and is separate from the K = 50 candidate-scaling experiment.

Timing and aggregation. For episode ¢, let a;; = tf;art — tfj‘?s be the age of the observation used
to generate executed action j. We compute a; = n; 1 > ; aij and average a; equally over episodes
within each task, then equally over the four tasks, separately for Easy and Hard. Failures are included.

Wait s/ep averages recorded hold time per episode. Wait % is 100 ), W;/ > . T;, where T; includes
both action execution and waiting. Calls/ep includes requests discarded at episode termination.
Infer s/ep reports model computation time per episode, amortized across active batch requests and
excluding selector computation.
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Table 13: Latency results by task and in aggregate on RoboTwin2.0 Hard. 100 paired episodes
per task/method/delay, including failures. Costs and mean observation age use +200 ms. Fixed
uses target ' = 40. Bold/underline mark best/second-best SR, waiting, and age within each group,
including displayed ties. Calls and inference time are unranked.

Method SR (%) 1 Wait (%) | Waits/ep | Calls/ep Infer s/ep Mean age (s) |
+0Oms +100ms +200 ms
All four tasks
Sync-Fixed 19.50 19.50 19.25 3.77 4.432 12.89 5.04 5.02
Sync-AHS 26.25 24.25 23.75 6.80 7.893 22.95 8.59 3.00
RTC-Fixed 23.00 21.50 22.00 0.31 0.344 13.32 6.47 4.92
RTC-AHS 26.50 25.75 26.75 0.31 0.344 24.30 10.62 3.07
Place A2B Left
Sync-Fixed 15.00 21.00 16.00 3.37 3.106 9.03 3.29 5.35
Sync-AHS 20.00 16.00 20.00 5.92 5.790 16.83 6.21 3.30
RTC-Fixed 26.00 22.00 22.00 0.41 0.344 9.53 4.09 5.15
RTC-AHS 22.00 21.00 22.00 0.37 0.344 17.94 7.28 3.37
Place Bread Basket
Sync-Fixed 26.00 25.00 25.00 3.20 5.246 15.25 6.12 5.77
Sync-AHS  38.00 34.00 32.00 6.19 9.409 27.36 10.14 3.20
RTC-Fixed 28.00 29.00 29.00 0.22 0.344 15.61 7.80 5.68
RTC-AHS 37.00 31.00 37.00 0.24 0.344 28.68 12.60 3.38
Place Bread Skillet
Sync-Fixed 13.00 9.00 12.00 5.15 4.097 11.91 4.51 3.89
Sync-AHS  13.00 13.00 12.00 8.56 6.994 20.33 7.06 2.58
RTC-Fixed 13.00 12.00 10.00 0.45 0.346 12.35 5.59 3.81
RTC-AHS 15.00 16.00 13.00 0.45 0.345 21.71 8.43 2.54
Place Can Basket
Sync-Fixed 24.00 23.00 24.00 3.90 5.280 15.35 6.27 5.08
Sync-AHS  34.00 34.00 31.00 7.07 9.381 27.27 10.95 2.93
RTC-Fixed 25.00 23.00 27.00 0.27 0.344 15.78 8.39 5.02
RTC-AHS 32.00 35.00 35.00 0.27 0.344 28.86 14.19 3.01

Success within a time budget. For 7;"°°**, set the recorded completion time for a successful
episode and +oo for a failed episode. Then

100 . 1 Success
qg=1

i€q

Here ¢ denotes physical time in seconds. Computed separately for each setting, SR(¢) measures task
completion under a time budget, with all attempted episodes retained in the denominator.

Easy and Hard outcomes. Both settings use the same task checkpoints, execution horizon and
AHS candidates; episodes are paired across methods and delays within each setting. At +200 ms,
RTC reduces AHS waiting by 94.5% on Easy and 95.6% on Hard. Relative to RTC-Fixed, RTC-AHS
achieves higher aggregate SR in all six setting/delay conditions, with observed gains of 3.50-8.25
percentage points. At +200 ms, the paired 95% interval for this gain is [—0.75, 8.26] points on
Easy and [0.75, 8.75] on Hard. Relative to Sync-AHS, RTC-AHS changes final SR by —2.00 points
on Easy and +3.00 points on Hard at +200 ms. Thus, reduced waiting does not imply uniformly
higher success. Policy calls and model computation remain higher than for RTC-Fixed (Tabs. 13, 14,
and 15).
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Table 14: Latency results by task and in aggregate on RoboTwin2.0 Easy. 100 paired episodes per
task/method/delay, including failures. Costs and mean observation age use +200 ms. Fixed uses target
K = 40. Bold/underline mark best/second-best SR, waiting, and age within each group, including
displayed ties. Calls and inference time are unranked.

Method SR (%) 1 Wait (%) | Waits/ep | Calls/ep Infer s/ep Mean age (s) |
+0Oms +100ms +200 ms
All four tasks
Sync-Fixed 38.00 35.50 37.00 3.90 3.856 11.21 4.38 5.12
Sync-AHS  46.00 46.25 44.75 6.63 6.310 18.35 6.90 3.16
RTC-Fixed 38.75 40.25 39.00 0.37 0.344 11.50 5.57 5.00
RTC-AHS 46.00 48.50 42.75 0.37 0.344 20.32 8.80 3.18
Place A2B Left
Sync-Fixed 49.00 45.00 50.00 3.37 2.401 6.98 2.48 5.65
Sync-AHS 54.00 58.00 56.00 5.86 4.107 11.94 4.25 3.41
RTC-Fixed 50.00 51.00 50.00 0.51 0.344 7.55 3.36 5.44
RTC-AHS 52.00 57.00 57.00 0.51 0.344 12.83 5.21 3.51
Place Bread Basket
Sync-Fixed 40.00 35.00 35.00 341 4.548 13.22 5.29 5.51
Sync-AHS 47.00 47.00 49.00 6.10 7.317 21.27 8.19 3.28
RTC-Fixed 41.00 42.00 41.00 0.28 0.344 13.19 6.56 5.48
RTC-AHS 46.00 48.00 41.00 0.29 0.344 24.49 10.41 333
Place Bread Skillet
Sync-Fixed 26.00 26.00 27.00 4.98 3.643 10.59 4.02 4.25
Sync-AHS  36.00 33.00 29.00 7.86 5.853 17.02 6.00 2.81
RTC-Fixed 25.00 31.00 21.00 0.48 0.345 11.41 5.18 4.02
RTC-AHS 39.00 39.00 34.00 0.51 0.345 17.39 7.00 2.90
Place Can Basket
Sync-Fixed 37.00 36.00 36.00 4.12 4.832 14.05 5.75 5.09
Sync-AHS 47.00 47.00 45.00 6.84 7.964 23.15 9.16 3.12
RTC-Fixed 39.00 37.00 44.00 0.33 0.344 13.83 7.17 5.06
RTC-AHS 47.00 50.00 39.00 0.30 0.344 26.57 12.60 3.00

--o-- Sync-Fixed -e-- Sync-AHS -—#— RTC-Fixed —m— RTC-AHS

(a) Waiting vs. age (b) SR across delays (c) Success over time
- s ’\E 44.75
® 5 i-i s-8% ~ 50 - N IS §42.75
) 3 —_— e = 407 —— ¥39.00
= s TN e g 4 37.00
G 4 Added delay (left — right) o L] = =
3 +0/+100 / +200 ms La0q, B 50 4
o .
=] [ = s | TTee—l L ® %)
S 3 4 L - ] .__,.-" L{: ® §
= | S +200 ms
T T T T 30 T T T n 0 T 1
0.1 0.3 1 3 10 0 100 200 0 120 240
Waiting (s/ep, log scale) | Added delay (ms) Physical time (s)

Figure 9: AHS with asynchronous execution on 7 5 Easy. The three panels mirror Fig. 5: waiting
versus mean observation age at +0/+100/+200 ms, final SR at each delay, and SR(#) at +200 ms. All
400 outcomes per condition are included. Bars and shading show marginal/pointwise 95% paired-seed
bootstrap intervals within four tasks.
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Table 15: Aggregate costs at +0 and +100 ms on Easy and Hard. Each method/delay has 400
outcomes per setting, including failures. The +200 ms aggregates appear with the per-task results in
Tabs. 13 and 14. Observation age averages within episodes, then equally across episodes and tasks.
Within each setting and delay, best and second-best distinct waiting and age values are bold and
underlined. Displayed ties share a mark. Calls/ep and Infer s/ep are descriptive quantities and are not
ranked.

Delay (ms) Method Wait (%) | Waits/ep | Calls/ep Infer s/ep Mean age (s) |

Easy
0 Sync-Fixed 1.67 1.600 11.11 4.32 4.93
Sync-AHS 2.87 2.614 18.15 6.78 3.01
RTC-Fixed 0.16 0.147 11.20 5.38 5.00
RTC-AHS 0.16 0.147 17.86 7.81 3.24
100 Sync-Fixed 2.82 2.755 11.29 4.37 4.98
Sync-AHS 4.80 4.384 17.97 6.60 3.08
RTC-Fixed 0.26 0.244 11.42 5.45 4.97
RTC-AHS 0.28 0.244 18.73 8.09 3.12

Hard
0 Sync-Fixed 1.60 1.853 12.87 5.14 4.84
Sync-AHS 2.93 3.244 2253 8.37 2.85
RTC-Fixed 0.13 0.146 12.84 6.31 4.99
RTC-AHS 0.14 0.147 2223 9.83 3.01
100 Sync-Fixed 2.72 3.168 12.99 5.12 4.89
Sync-AHS 4.85 5523 2264 8.39 2.93
RTC-Fixed 0.22 0.244 13.34 6.64 4.84
RTC-AHS 0.22 0.244 24.05 10.49 2.98

E AHS HYPERPARAMETER SENSITIVITY

We evaluate 79 5 + AHS on eight RoboTwin2.0 tasks under Easy and Hard settings, with K =
{10, 20, 30, 40, 50} and expected-round selection at Tye) = 0.8. The two studies below use different
episode budgets and pairing protocols. Neither changes our default configuration.

Inter-chunk continuity window. We vary only W}, € {30, 60,90}, sharing 16 episode identities
per task and setting (256 per configuration). The default W}, = 60 is evaluated afresh as the paired
reference in Fig. 10.

(a) Success rate (b) Policy calls

45 30
= 39 84 26.29
§ - . . (]
= 40+ 38.67 2 25 22.96 99.49
7 35.94 -é
B 35 E 20
2 S

30 T T T 15 T T \

30 60 90 30 60 90
(default) (default)
Continuity window W, Continuity window W,

Figure 10: Inter-chunk continuity-window sensitivity. 7 5 + AHS on eight RoboTwin2.0 tasks,
Easy and Hard, with 256 matched episodes per configuration. Lines connect tested points. Paired
difference intervals appear in the text.
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Compared with W}, = 60, gains for 30 and 90 are +2.73 and +3.91 percentage points, with
paired 95% confidence intervals [—2.34, 7.81] and [—0.78, 8.59]. We use 10,000 bootstrap draws of
matched episodes within task—setting cells, weighted equally. Both intervals include zero, so neither
a success-rate difference nor equivalence is established. We retain W), = 60.

Other evidence and posterior hyperparameters. Each configuration in Tab. 16 uses 100 episodes
per task and setting (1,600 total), unpaired across configurations. One parameter family changes
at a time, with the two penalties varied jointly. Other settings follow Appendix A. These historical
runs are separate from the window study. Overall SR spans 34.38-37.13%, characterizing sensitivity
rather than validation-based selection or an established optimum.

Table 16: Sensitivity to other AHS hyperparameters. Success rates (%) on eight RoboTwin2.0
tasks, with 1,600 episodes per configuration. Bold/underline mark higher/lower SR within each
parameter family. Defaults specify parameters, not additional evaluations.

Parameter Default Tested Easy T Hard 1 Overall T
Forgetting p¢ 0.99 0.95 46.88 26.75 36.81
0.995 46.50 25.88 36.19

Update strength n 1 0.5 45.38 24.38 34.88
2 47.38 26.88 37.13

Kernel bandwidth o g 10 5 45.50 26.13 35.81
20 44.25 24.50 34.38

Intra reference window W 3 1 47.38 24.75 36.06
5 46.38 23.88 35.13

Joint cingra = 5inter 4 2 46.63 23.63 35.13
8 46.25 24.88 35.56

F MORE CASE STUDIES

Handover Block. Fig. 11 illustrates phase-dependent execution in a successful my rollout. AHS
selects shorter horizons during grasping and transport phases that require closed-loop correction,
and longer horizons once the motion stabilizes. This example illustrates the behavior of the online
selector in Sec. 4.1. It is not a controlled comparison of posterior mechanisms.

Task prompt: use the left arm to grasp the red block on the table, handover it to the right arm and place it on the blue pad
Phase 1 Phase 2 Phase 3 Phase 4 Phase 5 Phase 6

m ¥ o TU. :"‘17‘ {9

\ - =,

The policy prepares to The policy moves the The policy stabilizes The policy regrasps The policy carries the The policy aligns the
grasp the red block block toward the the block before the block with the block toward the block for placement on
with the left arm handover pose handover right arm target pad the blue pad
—— Selected horizon ~ ® Replan @ Highlighted replan observation

§ 50 Phase 1

3 | b
. °
| P Phase 5'
20 Phase 2 l Prased T
1}
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S

Phase 3 Phase 6

I —

N
S

Final Horizon K,

=
S

o
w
S
-
o
3

150 200 250 300
Executed Action Steps

Figure 11: my Handover Block case study. The selected execution horizon changes with task phase
in a successful RoboTwin2.0 rollout. K., denotes the selected K.

Additional tasks and settings. Fig. 12 shows four additional 7y RoboTwin2.0 rollouts across Easy
and Hard settings. Fig. 13 adds 7y 5+AHS cases on four real-world tasks. These qualitative examples
illustrate horizon changes across task phases, not additional scored trials.
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Task prompt: if there is one bread on the table, use one arm to grab the bread and put it in the basket, if there are
two breads on the table, use two arms to simultaneously!!! grab up two breads and put them in the basket

Phase 2 Phase 3 Phase 5

Phase 1
|
%) Z

Phase 4

The policy releases the bread

=%
The policy observes the bread The policy closes in and The policy redirects the The policy lowers the bread
and basket before initiating stabilizes the bread for grasped bread toward the into the basket opening after aligning it inside the
the grasp lifting basket region basket
= Selected horizon ® Replan * Highlighted replan observation
% 50l
5 50Phase 1.
[ [ S—
c
g 40 Phase 2
5 30 Phase 5
T PhBST—f
= .
[ |
£20 L Phase 4
ic o ase
0 50 100 150 200
Executed Action Steps
Task prompt: if there is one bread on the table, use one arm to grab the bread and put it in the basket, if there are
two breads on the table, use two arms to simultaneously!!! grab up two breads and put them in the basket
Phase 1 Phase 2 Phase 3 Phase 4 Phase 5
0
The policy observes the The policy moves the gripper The policy secures the bread The policy carries the bread The policy completes the
randomized scene and toward the bread while and begins the lift over the basket area placement and withdraws from
identifies the bread avoiding clutter the basket
—— Selected horizon ~ ® Replan e Highlighted replan observation
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Executed Action Steps

Task prompt: <Place> the red block, green block, and blue block <in the order> of red, green, and blue from left to
right, <placing in a row>.
Phase 5

Phase 1 Phase 2 Phase 3 Phase 4
[ i S
= b -
g &
an

° a® o
b - \  aa b

The policy observes the The policy manipulates the The policy shifts attention to The policy aligns the middle The policy finishes the row
unordered red, green, and blue first block to start the the next block in the sequence block beside the first block with the final block placement
blocks target row
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Task prompt: <Place> the red block, green block, and blue block <in the order> of red, green, and blue from left to

right, <placing in a row>.
Phase 5

Phase 4

Phase 3

Phase 2

Phase 1

The policy completes the

The policy observes the The policy begins moving the The policy stabilizes the The policy adjusts the
randomized block layout before first selected block away from partially ordered row remaining blocks to match the red-green-blue arrangement
rearrangement target order
—— Selected horizon ® Replan @ Highlighted replan observation
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Figure 12: Additional 7 case studies on RoboTwin2.0. Four successful rollouts show phase-
dependent AHS horizons across Place Bread Basket and Blocks Ranking RGB under Easy and Hard

settings.
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(a) Put Duck Toy into Drawer

Phase 1 Phase 2 Phase 3 Phase 4 Phase 5

Approaching the Manipulating the Grasping the duck Carrying the duck Closing the drawer
drawer handle drawer handle from the plate toward the drawer after placement

—— Selected horizon ~ ® Replan @ Highlighted replan observation
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(b) Move Bread to Plate

Phase 1 Phase 2 Phase 3 Phase 4 Phase 5
Grasping the Transferring the first Releasing the first Carrying the second Withdrawing after

first bread bread between arms bread onto the plate  bread toward the plate  placing both breads

- Selected horizon ® Replan @ Highlighted replan observation
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(c) Fold Towel

Phase 1 Phase 2 Phase 3 Phase 4 Phase 5
- - .
Reaching for the Folding the towel Repositioning for Completing the Withdrawing from
towel corners with both arms the second fold second fold the folded towel
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(d) Move Drink to Basket
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ot 0 B

Aligning and Moving the first drink Reaching for the Withdrawing after Grasping the
contacting the edge over the basket next drink the second placement remaining drink
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Figure 13: Real-world 7 5+AHS case studies. Highlighted observations are selected at large
adjacent-replan changes in K. Curves retain every logged horizon through the recorded endpoint,
without smoothing. Phase labels are manual visual annotations, not ground-truth boundaries or trial
scores.
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G DISCUSSION AND LIMITATIONS

Additional background. RT-1, RT-2, and PaLM-E connect large-scale learning with robot con-
trol (Brohan et al., 2023; Zitkovich et al., 2023; Driess et al., 2023). Open X-Embodiment, Octo,
and OpenVLA extend shared data and generalist initialization (O’Neill et al., 2024; Ghosh et al.,
2024; Kim et al., 2024), while RoboBrain 2.0 broadens embodied reasoning interfaces (Team et al.,
2025). RDT-1B and DexVLA extend diffusion-based action generation (Liu et al., 2025a; Wen et al.,
2025). Other approaches couple actions to world models (Bi et al., 2025) or adapt chunking through
self-guidance (So et al., 2026). ChunkTrust adapts chunk execution using action-expert evidence.

Limitations. AHS requires access to action chunks and generation-time velocity traces. It scores
a candidate grid, although expected-round selection can return intermediate integer lengths. QHA
learns a dense prior, but AHS+QHA still computes online evidence, interpolated or scored directly
on the dense grid. Our evaluations cover multiple policies and two simulation benchmarks, plus four
real-world bimanual tasks, rather than all embodiments, safety-critical tasks, or long-horizon mobile
manipulation.

Broader impact. Adaptive horizons may reduce unnecessary replanning while preserving reactivity
near contact. An incorrect horizon can still commit a robot to unsafe motion outside the tested
distribution. Deployment should retain workspace and speed limits, emergency stops, human
supervision during evaluation, and task-specific validation.

Existing assets. We use the cited RoboTwin2.0 and RoboCasa benchmarks, policy checkpoints, and
associated codebases for research evaluation. These assets are not repackaged in this draft. Released
derivatives will retain the licenses, terms, and attribution required by the upstream projects.
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