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ABSTRACT

Diffusion-based vision-language-action (VLLA) models cascade pretrained vision-
language models (VLMs) with diffusion action experts, but typically restrict the
VLM to providing static conditioning. This separation limits how much pre-
trained perception and reasoning can guide action generation, especially in out-of-
distribution settings. We introduce JADE, a Joint Action DEnoiser that enables
the VLM and action expert to jointly refine actions. Our key insight is that struc-
tured action latents allow the VLM to read the current noisy action together with
visual observations and language instructions. At every denoising step, the VLM
contextualizes the noisy action and guides the action expert through gated cross-
attention, thereby its guidance evolves with the action being generated. We further
supervise the VLM to recover clean action latents from noisy ones, which gives
it a direct action-learning signal and couples perception with control. Addition-
ally, joint denoising enables JADE to generate actions with fewer sampling steps,
helping offset the additional cost of VLM participation. An adaptive step-size
schedule further balances task performance and inference latency. On RoboDojo,
JADE achieves an average success rate of 12.67%, the highest among the evalu-
ated 7y 5-based methods, and is competitive with recent VLA and WAM founda-
tion models pretrained at scale. It also improves performance on RoboTwin 2.0
and raises the average success rate across four real-world bimanual tasks by 20.8
percentage points compared with g 5.

1 INTRODUCTION

Early vision-language-action (VLA) models (Brohan et al., 2023}, [Kim et al.| [2024) build on pre-
trained vision-language models (VLMs) and generate actions through next-token prediction. How-
ever, such autoregressive prediction suffers from slow inference and limited action precision. Along
another line of research, diffusion policy (Chi et al.l 2025) produces multimodal actions with higher
speed and precision. Motivated by these complementary strengths, recent works combine the un-
derstanding capability of pretrained VLMs with the multimodal modeling capability of diffusion or
flow action experts (Black et al.| 2024} [Intelligence et al., [2025} [Bjorck et al.l 2025)). In these mod-
els, the VLM typically serves only as a static condition during both training and inference, while
the action expert performs the entire denoising process. This design can be sufficient for in-domain
tasks, where the model mainly learns relatively simple mappings from visual and language inputs
to actions. However, it decouples perception from control. When facing out-of-distribution tasks,
the action expert cannot effectively leverage the perception and reasoning capabilities of the VLM,
which often leads to characteristic failure modes (Chen et al.,[2026; |Nasiriany et al.,[2026). In addi-
tion, the VLM learns about actions only through gradients passed back from the action expert. The
VLM should therefore dynamically participate in action generation rather than only provide a static
condition.

As mentioned above, given the current visual state and a language instruction, pretrained VLMs can
plan actions and be adapted into strong action generation models. Furthermore, prior work (Cen
et al.,|2025) shows that given the current clean action as a condition, the model can inversely predict
the next visual state. In image generation, RepFusion (Pan et al.l |2026) also lets the semantic
condition change with the current noisy state during denoising. Here, we take these observations as
a design principle for action generation. If a VLM can perceive clean action representations, can it
also process their noisy counterparts during denoising?
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Figure 1: Ilustration of the key difference between our proposed JADE and conventional VLA models.
(a) During training, a frozen OAT encoder (Liu et al., 2026a) in JADE provides noisy action latents as VLM in-
puts and clean action latents as training targets. (b) During inference, JADE brings the VLM into the denoising
loop, so its guidance to the action expert is updated with the current action at every step.

Answering this question requires noisy actions to be represented in a form that is compatible with the
VLM and has meaningful semantic structure, which recent action tokenizers (Pertsch et al., 2025;
Zhou et al., [2026; |Dong et al. 2026} Liu et al., [2026a3b) make possible. Based on this idea, we
propose JADE (Joint Action DEnoiser), a VLA model in which a pretrained VLM denoises actions
jointly with the action expert, as illustrated in Figure[I} Our approach consists of three key designs.
(1) In addition to visual and textual inputs, we feed compact latents of the current noisy action into
the pretrained VLM. At every denoising step, the resulting VLM features condition the action expert,
which denoises the action in its native action space. This design lets the VLM apply its strength in
understanding structured representations to action generation. (2) To further unify perception and
control, we supervise the VLM to predict clean action latents from noisy ones, which provides it
with a direct action-learning signal from demonstrations. (3) Because each denoising step is better
informed, JADE can use far fewer steps, which largely offsets the extra latency of joint denoising,
and an adaptive step-size schedule further balances performance and efficiency.

The main contributions of this work can be summarized as follows:

* We propose JADE, a VLA framework in which the VLM reads the current noisy action at every
denoising step and guides the action expert. This lets the VLM provide dynamic denoising priors
beyond static vision-language conditioning.

* We find that joint denoising makes action generation easier, so JADE can use far fewer denoising
steps than conventional flow-based VLAs. With an adaptive step-size schedule, JADE further
balances performance and efficiency.

* We show that JADE consistently improves over its my 5 (Intelligence et al., 2025) base on
RoboTwin 2.0 (Chen et al.,[2025b) , RoboDojo (Chen et al., [2026)), and four real-world bimanual
tasks, and ablations verify the effectiveness of its key designs.

2 RELATED WORK

2.1 VISION-LANGUAGE-ACTION MODELS

Early VLAs discretize continuous controls and predict action tokens within the language-model
sequence (Brohan et al.| [2022; 2023; Kim et al. [2024). More recent VLAs use diffusion or flow
action generators, where features from a pretrained vision-language backbone condition a continu-
ous action expert (Black et al.l 2024 [Intelligence et al., 2025; [Bjorck et al., [2025)). We follow this
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paradigm but enable the VLM to dynamically participate in the iterative refinement of the evolving
action.

Action Tokenizers. Action tokenizers connect continuous control with sequence modeling. Early
approaches quantize each action dimension independently (Brohan et al.| 2023} Kim et al.| |2024),
and later methods exploit temporal structure through frequency-domain compression, learned dis-
crete codes, or structured latent representations (Pertsch et al., [2025; Wang et al.| 2025} Dong et al.,
2026; [Liu et al., [2026a). JADE builds on OAT (Liu et al.l 2026a)) and uses its compact latents to let
the VLM read the current noisy action.

2.2 INTEGRATION OF LANGUAGE MODELS AND DENOISERS

Multimodal generative models increasingly combine pretrained semantic models with diffusion or
flow generators, through learned queries (Pan et al.,2025; |Chen et al.| [2025a)), through shared atten-
tion, Mixture-of-Transformers, and unified architectures (Shi et al., 2026} [Deng et al., 2025} Zhou
et al., [2025; [Ma et al. |2025), or through conditions that change with the current noisy state (Pan
et al.| [2026)). Robot learning shows a similar trend, where VLMs are coupled with continuous ac-
tion generators through attention, shared representations, or intermediate action abstractions (Black
et al., 2024; Bjorck et al., 2025; Bi et al., [2026; |Agarwal et al.| [2026; |Li et al.| |2026c). However,
in many modular diffusion and flow VLAs, the vision-language features used for action generation
do not depend on the evolving noisy action. JADE instead contextualizes the current noisy action
with vision and language in the VLM and feeds the resulting features to the action expert at every
denoising step.

3 METHOD

3.1 PRELIMINARIES

Flow-based VLA Policies. Given a multimodal observation o; consisting of images, a language
instruction, and robot state, a flow-based VLA policy couples a pretrained VLM of hidden width
W, with a continuous action expert to predict a future action chunk A = [a;,...,a;4y_1] €
RZXD (Black et al., [2024; Intelligence et al., 2025). The width D includes padded dimensions,
and the superscript phys keeps the D), valid physical dimensions of any action-shaped tensor, such
as AP ¢ RH*D»  Training uses conditional flow matching, interpolating clean actions with
Gaussian noise as

A, =(1-7)A+ e, e~ N(0,1). (D)

The action expert predicts a velocity ve (A, 7, 0¢) that regresses e — A, and at inference this velocity
is integrated from Gaussian noise at 7 = 1 toward clean actions at 7 = 0.

Ordered Action Tokenization. OAT (Liu et al.,|2026al) uses a transformer encoder with M learn-
able registers to aggregate information across an action chunk into compact continuous latents
Eoar(APYS) = [zy,...,2z)] € RM*4= Through nested dropout, its training encourages an
ordered representation, with earlier registers capturing coarse action structure and later registers en-
coding finer details. The original OAT framework discretizes these latents using finite scalar quan-
tization (FSQ), while JADE uses their continuous values before rounding as the action interface to
the VLM. We pretrain OAT through action reconstruction in the same normalized action space as
the policy and keep it frozen, and we write Z, = Eoar(APY®) for the latents of a noisy action
and Zo = Eoat(APYS) for those of the clean action. We choose OAT because its few compact
registers keep the per-step VLM cost low and it performs best among the action representations we
tested. Other representations also improve over 7 5, as Section shows, so the benefit of joint
denoising does not hinge on this choice. Appendices and give more details.

3.2 NOISY ACTION REPRESENTATIONS FOR VLM

As shown in Figure[2[b), JADE uses the VLM to transform the current noisy action into observation-
conditioned register features at each denoising step. Given a noisy action A, the frozen OAT
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Figure 2: Architecture of JADE. A frozen OAT encoder maps the current noisy action to compact latents,
which the VLM processes together with the observation prefix. The resulting register features guide each
denoising block of the action expert through gated cross-attention, and during training the final features are
aligned with the clean action latents.

encoder produces continuous latents Z,, and a trainable input adapter /;,, maps them to the VLM
input X, = P, (Z,,7) € RM*We,

The same VLM that encodes the observation prefix then processes these registers, and we denote
the layer-wise keys and values of the prefix by C(o;). At each layer, the registers attend to valid
prefix tokens and bidirectionally to one another, while the prefix does not attend to them, so C(o;) is
computed once per observation and reused across denoising steps. Each register hidden state further
passes through a bottleneck residual adapter shared across layers, which preserves the compact
register sequence while adapting its features. We write the resulting register features at each of the
L layers and at the final output as

{R-(z—é)}%:h R?—ut = F¢> (XT; C(Ot))a (2)

where I, denotes the VLM computation together with the shared adapter, which Appendix [B.2]
describes in detail.

To give the VLM a direct action-learning signal, a linear head G, predicts the clean OAT latents Z
from the final register features with

Ealign = SmoothLl (Gw (Rgut), Zo), (3)
averaged over registers and latent dimensions. The VLM thus learns to recover clean action latents

from the observation and a noisy action. Because the adapter is shared across layers, the structure it

learns under this supervision also shapes the layer-wise features {Rg)} eL: 1> wWhich guide the action
expert as described in Section [3.3]

3.3 JOINT DENOISING WITH THE VLM

We incorporate the action-state-dependent VLM features from Section [3.2]into the action expert, al-
lowing both pathways to contribute to velocity prediction. In each native expert layer, action queries
attend to the valid observation prefix and all action positions, with attention weights normalized over
the combined key set. The observation prefix does not attend to actions.

As shown in Figure [2{b), JADE inserts a separate cross-attention module after the native attention
residual update and before the feed-forward network in each expert layer. This module reads the
VLM register features associated with the current action. Let H(TZ) denote the action hidden states

after the native attention update and R(f)
as

the corresponding VLM features. The fusion is computed

UY = CrossAttng (RMSNorm(H(Té)), Tg(R(f))),
A = HO 1 oIU0,

Here, T, maps the VLM features into the representation space required by the layer’s fusion module.
Cross-attention uses the action hidden states as queries and the mapped VLM register features as

“4)
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Figure 3: Adaptive inference for joint denoising. The left panel shows uniform Euler steps, which native
mo.5 and default JADE both use. The right panel shows the adaptive schedule, where a small ¢; gives a large
step and a large ¢; gives a small step. Trajectories are schematic.

keys and values, allowing each action position to read all registers. Its output is projected back to
the expert’s hidden width and added through a gated residual connection. This module normalizes
attention independently over the register keys, preserving the native attention’s key—value set and
normalization domain. The fused states then enter the feed-forward network in the same layer.

To regulate the VLM-derived residual update, we combine a layer-specific parameter with a state-
dependent dynamic gate:

Ol.(l_z) =3, tanh |:bZ + G (Avg(Hs_Z))’ AVg(US_e))a eg(T))] . (5)

Here, Avg denotes averaging over action positions, by is a layer-specific parameter, g, is a gating
network shared across layers, e,(7) is a time embedding of the noise level, and s, is a scaling
factor. The gate produces one scalar residual coefficient per sample and layer. We initialize b, and
the output layer of g, to zero, making the added fusion residuals initially zero and preserving the
native expert computation at initialization.

After all expert layers, the model outputs the action-space velocity ve (A, T, 0;). We retain the na-
tive flow-matching objective and jointly optimize it with the clean-action representation supervision
defined in Section 3.2}

Low = MSE (UG) (AT7 T, Ot)v € — A), L= Loow + /\alignﬁaligm (6)

Both objectives train the shared VLM and the input and residual adapters, with flow-matching gra-
dients reaching the VLM through the fusion modules. The OAT encoder remains frozen.

At inference, we cache the observation-prefix keys and values C(o;) once per policy query. The
native Euler sampler integrates from Gaussian noise at 7 = 1 to 7 = 0 in the native action space.
Each velocity evaluation recomputes the OAT latents and layer-wise VLM features from the current
noisy action and uses the fusion-augmented expert to predict the velocity.

3.4 ADAPTIVE INFERENCE FOR JOINT DENOISING

Joint denoising evaluates the VLM at every step, so its total cost grows with the number of velocity
evaluations despite prefix caching and compact action registers. Unlike conventional flow-based
VLAs, JADE conditions the VLM on the current noisy action at each step. This action-dependent
guidance enables generation with fewer velocity evaluations, offsetting the added per-step cost. The
full joint model is evaluated at every step.

Building on fewer steps, we further let the sampler choose the step size adaptively. It takes larger
steps when the predicted corrections are stable and smaller steps when they fluctuate, as shown in
Figure[3] At the i-th velocity evaluation, we define

v; = ve (A, Ti, 01), qi = —7; VP (7N
Since A, — 7;v; is the clean action implied by the current velocity, the time-weighted correction q;
is the displacement from the current action toward this clean estimate. We track the first and second
moments of q; with exponential moving averages. Both moments are initializedasm_; =s_; =0

at the beginning of each policy query and are updated as

m; = fm,;_; + (1 - f)aq;, s;i = Bsi—1 + (1 - B)ad?, ®
1/2
ci = [|lsi = m@?] |
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where £ is the decay coefficient, ©2 denotes elementwise squaring, and [-]; clips negative values to
zero. Therefore, c; measures how much the corrections have fluctuated over recent steps.

The first step uses a fixed step size hy and updates the statistics. For ¢ > 1, the step size is set from
¢;, and the action and flow time are updated by Euler integration as

h; = min{Ti7 clip< Astep  Pmins hmax) } ,
ci +ee 9

A

=A; —hivi,  Tip1 =7 — hy,

Ti+1

Here, Agep controls the step-size scale, €, > 0 stabilizes the denominator, and Ayin and hpmax are
clipping bounds. Smaller c¢; permits larger steps, capped by the remaining time 7;. Statistics use
physical action dimensions, while Euler updates use the full action tensor.

The step-size statistics require no additional model evaluations, and both model weights and the
robot execution horizon remain unchanged. We use c; only to guide sampling, not to estimate task
difficulty or success probability. Sectiond.4]evaluates the performance-latency trade-off across step
counts and compares fixed-step and adaptive sampling using the same checkpoint. Appendix [C.2]
provides mathematical analysis and proofs of basic properties of the adaptive sampling rule.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Benchmarks and metrics. We evaluate closed-loop manipulation on RoboTwin 2.0 (Chen et al.,
2025b) and RoboDojo (Chen et al.,[2026) following their official settings. On RoboTwin 2.0, a single
multi-task policy is trained on clean demonstrations of 50 bimanual tasks and evaluated under Clean
and Random scene conditions. The Random scenes are not seen during training. On RoboDojo, the
policy is trained on 3,500 demonstrations and evaluated on 42 tasks in five capability categories. We
report success rates on both benchmarks and the official score on RoboDojo.

Implementation details. We build on 7y 5 with three RGB views, language instructions, robot
states, and a 50-step action chunk. For each benchmark, we pretrain and freeze an OAT encoder
with eight four-dimensional registers, and we train all other components jointly with Aajien = 0.1.
Unless otherwise specified, inference uses ten Euler steps and executes the first 25 actions of each
chunk before replanning. We also report a two-step variant and JADE Balanced, which uses the
adaptive schedule in Section[3.4] Appendix D]gives the full evaluation protocol and training details.

4.2 MAIN RESULTS

On RoboTwin 2.0 (Table[I)), JADE achieves the highest Random and average success rates among
the listed methods, at 54.4% and 66.9%. Many methods with high success rates under Clean de-
grade sharply under Random. In contrast, JADE improves the Random success rate of 7 5 by 8.4
percentage points. These results suggest that the VLM’s dynamic participation in action genera-
tion improves robustness to visual randomization by updating its conditioning features as the action
candidate evolves.

On RoboDojo (Table [2), JADE ranks highest on both overall metrics and improves over 7 5 in all
five capability categories. The largest gains appear in Precision and Long-Horizon, and the Precision
success rate nearly triples. At every step, the VLM reads the current action candidate together with
the instruction, which helps correct fine deviations and keep the actions consistent with the current
task stage. This suggests that the planning ability of the VLM improves the precision and coher-
ence of action generation and thereby strengthens long-horizon execution. Together, these results
corroborate that action-conditioned VLM representations help translate scene and task information
into effective action refinement. Appendix [D.2]reports the per-task results on both benchmarks.

4.3 ABLATION STUDY

Action-state conditioning. Table [3[a) replaces the OAT latents of the current noisy action with
the same number of learnable queries. Action latents consistently outperform the queries on both
benchmarks, by up to 7.9 percentage points on RoboTwin. Action latents are recomputed from the
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Table 1: Results on the RoboTwin 2.0 benchmark. Success rates (%) are averaged over 50 tasks under Clean
and Random settings; Avg. is their mean. JADE uses 10 denoising steps. Best values in each column are bold.

Method Clean Random Avg.
ACT (Zhao et al., 2023 29.7 1.7 15.7
RDT (Li1u et al.}[2025) 34.5 13.7 24.1
7o (Black et al.| [2024) 46.4 16.3 314
GROOT-N1.7 (Bjorck et al.}2025) 43.6 20.7 322
StarVLA (Community} |2026) 58.1 10.6 34.4
FastWAM (Yuan et al., [2026) 70.2 1.2 35.7
X-VLA (Zheng et al.|[2026) 68.0 20.9 44.5
Lingbot-VA (L1 et al.,|2026b) 80.7 34.6 57.7
4D-WAM (Yang et al.| [2026)) 81.5 41.8 61.7
mo.5 (Intelligence et al.} 2025) 68.5 46.0 57.3
JADE (ours) 79.3 54.4 66.9

Table 2: Results on the RoboDojo benchmark. Each entry reports Score / Success Rate (SR, %). JADE uses
10 denoising steps.

Method Gen. Prec. Long. Mem. Open Avg.
OpenVLA-OFT (Kim et al.|[2025) 0.04/0.00 0.20/0.00 0.70/0.00 0.00/0.00 0.08/0.08 0.21/0.02
RDT-1B (Liu et al.|[2025} 0.56/0.33 0.38/0.00 1.13/0.00 0.49/0.33 0.00/0.00 0.51/0.13
GROOT-NT.7 (Bjorck et al.}[2025) 216/1.22 2.54/0.67 830/3.58 1.06/0.89 0.18/0.17 2.85/1.31
o (Black et al.[[2024) 394/256 3.56/0.75 6.19/2.00 3.47/2.11 0.25/0.25 3.48/1.53
Fast-WAM (Yuan et al.|[2026) 234/1.11 196/0.00 9.14/5.17 3.55/3.44 0.42/0.42 3.48/2.03
LingBot-VLA (Wu et al.][2026}) 6.71/428 533/1.83 10.89/525 3.82/2.78 0.72/0.67 5.50/2.96
StarVLA-o (Ye et al.[[2026} 3.93/233 990/433 14.15/6.50 3.34/2.44 0.68/0.58 6.40/3.24
X-VLA (Zheng et al.|[2026) 10.48/6.78 18.32/12.00 16.53/9.75 4.76/3.56 0.55/0.50 10.13/6.52
Spatial Forcing (L1 et al.][2026a) 14.12/9.33 17.33/10.58 23.26/14.58 5.43/4.11 1.78/1.58 12.38/8.04
mo.5 (Intelligence et al.|[2025) (base) 13.37/8.17 12.40/5.50 23.54/14.67 5.78/4.56 1.98/1.67 11.41/6.91
JADE (ours) 20.59/14.06 23.41/16.33 36.55/24.00 7.87/6.56 3.05/2.42 18.29/12.67

current noisy action at every step, so they are tightly coupled with the generation process and let the
VLM respond to the specific candidate it is refining.

Aucxiliary alignment. Table[3[(a) also measures the effect of alignment by training each variant with
and without L,jien. Alignment further improves JADE on both benchmarks. By training the VLM
to recover clean action latents from noisy ones, it gives the VLM a direct action-learning signal and
makes the features passed to the action expert more informative about the target action.

Action representation. Table [3(b) evaluates how the action representation fed to the VLM affects
JADE. All evaluated representations improve the average RoboTwin success rate over 7 5, which
shows that the benefit of joint denoising does not depend on a specific representation interface. OAT
achieves the best performance with only eight compact registers, outperforming G0.5 2-RVQ (Liu
et al.,[2026b) with 166 tokens, and its advantage is most pronounced under Random. This indicates
that the effectiveness of an action representation depends not only on its capacity but also on whether
its structure matches the semantic modeling ability of the VLM. Compact action representations
with semantic organization are thus better suited as the interface through which the VLM reads the
noisy action, and they provide more effective guidance to the action expert. FAST (Pertsch et al.,
2025) represents actions with frequency coefficients and lacks an explicit semantic organization, so
it yields the lowest average success rate.

4.4 COMPUTATIONAL COST AND SAMPLING EFFICIENCY

JADE changes the cost structure of VLA inference. Each denoising step reruns the VLM on the
current action, so a single step costs more but also carries more information for correcting the action.
Prefix caching and compact registers keep this per-step cost low, and a full training update takes
about 23% longer in a matched microbenchmark.

To test whether these more informative steps allow far fewer of them, we fix the checkpoint and the
prediction and execution horizons and vary only the number of function evaluations, or NFE, used
by Euler sampling on fixed task subsets. As shown in the left panel of Figure[d} native 7 5 degrades
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Table 3: Ablation studies. We examine (a) action conditioning and auxiliary alignment supervision, (b) action
representations, and (c) step-wise action-conditioned semantic updates. RoboTwin reports success rates (%);
RoboDojo in (a) reports SR and Score averaged over its five evaluation dimensions, while (c) reports Score and
full-task success rate on RoboDojo.

(a) Conditioning and Alignment (b) Action Representation (c¢) Semantic Updates

RoboTwin RoboDojo RoboTwin RoboDojo
Conditioning ~ Aalign Clean Random Avg. SR Score Representation Clean Random Avg. Variant Score SR
Queries 0 731 495 613 7.68 1133  Bin256 735 468 602 Dynamic 232 15.0
Queries 0.1 726 453 590 966 1536 GO52-RVQ 773 463 6l Swtic 193119
] Lagged 20.8 14.3
Action latents 0 79.1 529 660 11.15 1659  FAST 74.8 445 597 Fixed 197 121

Action latents 0.1 79.3 54.4 669 12.67 1829  OAT (matched) 79.3 544 669 RF-Off 18.1 11.1

=== JADE Nativen0.5 & JADE (Balanced)

(a) RoboTwin Clean (b) RoboTwin Random
55

g, ® 70.6% RoboTwin 2.0, SR (%)
0] gu—or— ¥ Osass ) 0 ._—og—o/'\
g 70.0% 2l e o as.0% Config. NFE Clean Random Avg.
[ s g 10step 10 793 544 669
o a0 2-step 2 80.1 51.8  66.0
S S A S i S S e A Balanced 4.995 779 52.4 65.2
NFE NFE -
(c) RoboDojo (d) All Average RObUDOJU
60 60
. 49.0% s , /,/w—.-—"—° 55.7% Config. NFE Score SR
g * % s s5.6%
Pl $.0° 10-step 10 1829 1267
/ 2-step 2 1452 967
a 30 3 30
O Balanced 4.985 18.06 12.48
20 20

Figure 4: Sampling efficiency of JADE. The left panel shows the success rates of JADE and native o5
across different numbers of function evaluations (NFE) on fixed task subsets, and purple diamonds mark JADE
Balanced. The right table reports three sampling configurations on the full benchmarks, with NFE averaged per
action chunk.

markedly as the NFE decreases, whereas JADE with only two steps already matches or exceeds
ten-step native my 5. The right table confirms this pattern on the full benchmarks, where two-step
JADE reaches 66.0% on RoboTwin and 9.67% on RoboDojo, compared with 57.3% and 6.91% for
ten-step mo.5. With the VLM taking part in every step, a few well-informed steps can replace many
weakly informed ones.

To balance performance and sampling cost, we also evaluate the adaptive Balanced schedule. On
the full RoboDojo benchmark, it retains 98.5% of JADE’s ten-step success rate with about five
evaluations on average.

The higher per-step cost is thus largely offset by the smaller number of steps. On the model side,
JADE takes 203 ms per policy query with ten steps, 132 ms with Balanced, and 78 ms with two
steps, compared with about 74 ms for ten-step native 7y 5. Two-step JADE is therefore only slightly
slower than native 5 while performing clearly better, and JADE offers a tunable balance between
performance and efficiency rather than a fixed slowdown. Its remaining overhead buys stronger
perception and reasoning during action generation, similar in spirit to VLAs that reason before
acting, without decoding reasoning text. Appendix [E]reports the operation counts, task subsets, and
timing conditions.

4.5 IN-DEPTH ANALYSIS OF JOINT DENOISING

To further examine the benefits of dynamic VLM participation in denoising, we compare five
inference-time variants of the same trained model. Dynamic, the default, recomputes the VLM
features from the current action at every step, Lagged reuses those from the previous step, Fixed
recomputes them from the initial noise with the current flow time, Static computes them once from
the initial noise, and RF-Off removes the injection. All variants are evaluated on the same 100 sce-
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Mos M JADE (Ours)
(e) Success Rate (%)

Average
70.0

(c) Object Arrangement (d) Tabletop Organization

Figure 5: Real-robot task illustrations and success-rate comparisons. Panels (a)—(d) show the four tasks, and
panel (e) compares JADE with 7q 5.

narios for each of 10 RoboDojo tasks, two per capability category, which differ from the subsets in
Section 4.4l Appendix [F gives the full details.

Table[3[c) shows that performance rises steadily as the VLM features follow the current action more
closely, from RF-Off through Static, Fixed, and Lagged to Dynamic, which reaches a Score of 23.2
and a full-task success rate of 15.0%. Static improves only slightly over RF-Off, and Fixed adds little
on top of Static, so neither a fixed VLM context nor time conditioning accounts for most of the gain.
What matters most is whether the features track the action itself, as moving from Fixed to Dynamic
contributes 2.9 of the 3.9 percentage points that separate RF-Off from Dynamic. Lagged recovers
much of this gain by reading the action from the previous step, yet it remains behind Dynamic, as
guidance computed from a stale action no longer matches the candidate being refined. The VLM
thus acts less like a fixed source of context and more like an evaluator that reexamines the current
action at each step, and its guidance is most useful when it describes the exact candidate that the
action expert is about to refine.

4.6 REAL-WORLD EXPERIMENTS

We further evaluate JADE on a PiPER dual-arm platform across four tasks, namely Tool Placement,
Bimanual Handover, Object Arrangement, and Tabletop Organization. For each task, we train 7 5
and JADE on the same 100 teleoperated demonstrations and evaluate each policy over 30 trials,
with details in Appendix [G] As shown in Figure [5] JADE outperforms 7 5 on every task and raises
the overall success rate from 49.2% to 70.0%. The gains are largest on Tool Placement, Bimanual
Handover, and Tabletop Organization, which require precise placement, coordination between the
two arms, and execution over several stages. These tasks depend on correcting the action as it
unfolds, which JADE supports by letting the VLM reexamine the full bimanual action candidate
against the scene at every denoising step.

5 CONCLUSION

We presented JADE, a philosophy that enables pretrained VLMs to actively participate in action
denoising. By processing structured noisy action representations and learning to predict clean ac-
tion latents under direct supervision, the VLM provides dynamic guidance to the action expert,
tightly coupling perception and control throughout action generation. Experiments on RoboTwin
2.0, RoboDojo, and real-world bimanual tasks demonstrate consistent improvements over the base-
line. Further analyses demonstrate the advantages of involving the VLM in joint denoising. These
results demonstrate the potential of extending VLMs beyond static conditioning and show that their
active involvement in action generation offers a critical solution for improving robotic reasoning and
generalization.
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misinterpreted or control failures occur under distribution shifts. Real-world deployment and eval-
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and human supervision according to the robotic platform.

REPRODUCIBILITY STATEMENT

The manuscript describes the proposed model formulation, training procedure, and evaluation pro-
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A ADDITIONAL PRELIMINARIES

A.1 FLOW-BASED ACTION GENERATION

Following Section 3.1, we train the velocity field with target € — A, sampling 7 = 0.999u + 0.001
with u ~ Beta(1.5,1). Action chunks have length H = 50, with D,, = 14 physical dimensions
padded to D = 32. Clean padding is zero; Gaussian noise and the flow loss cover all 50 x 32
entries, while OAT and execution use only the physical dimensions. Inference integrates from 7 = 1
to 7 = 0 using

A_n=A,—hvo(A,,T,0). (10)

Holding the current velocity fixed gives the one-step endpoint estimate Ko = A, —1vo(A,, T, 0¢),
used in the analysis in Appendix

A.2 ORDERED ACTION TOKENIZATION

OAT (Liu et al., 2026a) appends M = 8 learnable registers to the action tokens and encodes them
using two transformer blocks of width 256, each with four attention heads. Action tokens attend
only to action tokens, while registers attend to all action tokens and preceding registers, including
themselves. With queries indexing rows, the attention mask is

_ |YaxH Om
MOAT_ 1M><H tI‘ﬂ(]_]\,{XM) : (11)

The register outputs are normalized and projected to d, = 4 dimensions.

We pretrain a separate OAT for each benchmark by minimizing action reconstruction MSE in the
policy’s normalized physical action space. Pretraining uses FSQ levels (8, 5,5, 5) and a four-block
decoder of width 256, with batch size 256 and learning rate 5 x 10~°. During policy training and
inference, JADE uses only the frozen encoder and extracts the bounded, normalized continuous
latents before FSQ rounding. The VLM therefore receives 8 x 4 continuous features; discrete token
IDs and the reconstruction decoder are not used for policy action generation.

B IMPLEMENTATION DETAILS

B.1 ACTION ENCODING INTERFACE

OAT encodes only the 14 physical action dimensions into eight four-dimensional latents. The input
adapter projects them to width 2048, adds noise-level, register-identity, and action-modality em-
beddings, and applies layer normalization. VLM registers attend to the observation prefix and all
registers, while the prefix does not attend to registers. Prefix keys and values are cached per policy
query; register features are recomputed at each denoising step.

B.2 SEMANTIC RESIDUAL ADAPTER

A shared 2048 — 64 — 2048 SiLU MLP A, adapts the VLM register states:
RY =8 1 A(SY). (12)

The same adapter is applied to every layer and the final output and is included in F in Section
Alignment supervision is applied only at the final output.

B.3 FUSION MODULE AND GATE

Each expert layer inserts cross-attention after the native attention residual and before the feed-
forward network. Action states provide queries; VLM registers provide keys and values through
an independent 2048 — 64 — 2048 SiLU mapping 7. Cross-attention uses eight heads of width
32 and is normalized separately from native attention. A shared gating MLP uses mean action
states, mean fusion updates, and a time embedding to produce a scalar tanh gate per sample and
layer, together with a learned layer-specific bias. The gate output layer and layer-specific biases are
zero-initialized, giving zero initial fusion residuals.

13
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B.4 JOINT OPTIMIZATION

We minimize Lagw + 0.1La15gn. Both losses update the VLM and input and residual adapters;
flow matching additionally trains the action expert, fusion modules, and gates. Alignment uses a
2048 — 4 linear head with SmoothL1 loss averaged over registers and latent dimensions. OAT
remains frozen, with stop-gradient applied to its outputs. The alignment head and clean latent targets
are used only during training.

C MATHEMATICAL ANALYSIS OF INFERENCE

C.1 JOINT DENOISING AND FEW-STEP INTEGRATION

Fix an observation o, and an initial noise sample. Introduce forward sampling time s = 1 — 7 and

write x(s) = Aj_g, so that
dx
ds

Assume that f is K-Lipschitz in x under the Frobenius norm on a region containing the exact

and numerical trajectories, and that ||x”(s)||r < B for s € [0,1]. The analysis below concerns
numerical integration error relative to the exact solution of this learned field.

= f(x, s), f(x,8) = —ve(x,1—s,04). (13)

Euler discretization bound. Consider positive Euler steps h; satisfying Ef\;l h; = 1, and let
h. = max; h;. Starting from the same initial state, the endpoint error satisfies

Bh, K _1)/K, K>0,
e R A (14
Proof. Lets; = » ;_;hjand e; = |x; — x(s;)[|r. Taylor’s integral remainder bounds the local

truncation error by Bh? /2. Lipschitz continuity therefore gives ;1 < (1+ Kh;)e; + Bh? /2, with
eg = 0. For K > 0, using h? < h.h; and unrolling yields

Bh, (Y Bh, , x
EN S 2K (izo (1+Khz) 1> =5 (6 1),

where the last inequality follows from 1 + Kh; < e®" and 3", h; = 1. For K = 0, summing the
local errors gives ex < (B/2) >, h? < Bh,/2.

Implication for fewer steps. For uniform steps, h. = 1/N and the bound becomes
BI'(K)/(2N). If joint denoising reduces BI'(K) over the trajectories of interest, fewer steps suf-
fice to meet the same bound on discretization error. Here, B bounds the change in velocity along the
trajectory, including changes in both magnitude and direction. This provides a conditional explana-
tion of few-step integration; VLM participation alone does not establish a reduction in BI'(K), and
integration error is distinct from action-prediction error or task success.

C.2 ADAPTIVE SAMPLING RULE AND BASIC PROPERTIES

We analyze the rule in Section [3.4]in exact arithmetic. Assume finite velocity predictions, 0 < 8 <
1, Astep > 0, €c > 0,0 < hmin < Amax, and 0 < hg < 1. Each policy query starts at 7o = 1 with
m_; =s_; = 0. Every evaluation updates the moments using the current correction; the first step
uses the fixed size hg, while subsequent steps are selected from the updated indicator.

Correction and moment statistics. Letv; = vg(A,,, 74, 0:) and define the one-step Euler end-
point estimate Ay ; = A, — 7;v;. The correction satisfies

_ phys __ A phys hys
q; = —T;V =Ag; — ADWE, (15)

i
Thus, q; is the displacement toward this estimate in physical action dimensions. Since it includes
the remaining time 7;, it can change even when the predicted velocity is constant.
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The first and second moments are
m; = fm;_; + (1 - f)aq;, si = Bsi—1 + (1 — B)ad>.

Writing V; =s; — m?z, the indicator is

1/4
H D,

=Vl = [ DD it | (16)
j=1k=1

The norm is taken before the square root. Statistics are computed per sample over physical action
dimensions, while Euler updates use the full action tensor.

Nonnegativity and initialization. The moment difference obeys
Vi =BV + 81— B)(q; — my_1)>. a7

Proof. Substituting the two moment updates into s; — m?z and collecting terms gives the identity.
Since V_; = 0 and both coefficients are nonnegative, induction establishes V; > 0 elementwise.
The positive-part operation therefore only guards against floating-point error.

The moments are not bias-corrected. For a constant correction sequence q; = g, geometric summa-
tion gives m; = (1 — B*tl)qand s; = (1 — B+1)q®?, hence

Vi _ /8i+1(1 . ﬁi+1)q®2. (18)

For 0 < 8 < 1, even constant nonzero corrections produce a positive early indicator. Thus, ¢;
reflects both correction variation and the transient effect of zero initialization.

Step sizes and finite termination. For each subsequent step with 7; > 0, define h; =
clip(Astep/(€¢i + €¢); Pmin, Pmax) and h; = min{r;, h; }. Then

0< hl < HliIl{Ti,hmax}, 0 < Tivrl < T (19)

The flow time decreases without crossing zero. For fixed 7;, the step size is nonincreasing in c¢;, with
possible plateaus due to clipping. Each nonterminal adaptive step is at least Ay, ; the terminal step
may be smaller.

The number of velocity evaluations satisfies

1+[1hﬂgzvevalg1+{lh°] (20)

Proof. The first evaluation advances by hg, leaving an interval of length 1 — hg. Each later step is
at most hyax, giving the lower bound. Each nonterminal adaptive step advances by at least Ay,
and the next step exhausts any remaining interval no larger than h,;,, giving the upper bound. For
Balanced, hg = hpin = 0.1 and hyae = 0.5 yield 3 < Neyar < 10. Moment updates and step
selection require no additional model evaluations.

Scope of the guarantees. Equation (I4) controls integration error under trajectory regularity as-
sumptions and depends on the actual maximum step size. The adaptive-rule analysis establishes
nonnegative moment statistics, monotone time progression, and finite termination. It does not es-
tablish ¢; as a velocity-field curvature measure or a calibrated local-error estimator, and therefore
does not certify an integration-error tolerance. The performance-latency trade-off is evaluated em-

pirically in Section

D EXPERIMENTAL DETAILS

D.1 SIMULATION BENCHMARKS AND METRICS

RoboTwin 2.0. We train one multi-task policy on 50 clean demonstrations for each of 50 bimanual
tasks, giving 2,500 demonstrations. Evaluation uses 100 trials per task under each of the Clean and
Random conditions, giving 5,000 trials per condition. Random scenes are not included in training.
For each condition we average task success rates; the reported overall average is the arithmetic
mean of Clean and Random. Because every task has the same trial count, the task average equals
the episode-weighted success rate within that condition.
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RoboDojo. Training uses 3,500 demonstrations from 35 training tasks. Evaluation covers 42 tasks
in five categories: Generalization, Precision, Long-Horizon, Memory, and Open. The full evaluation
expands task variants across seeds 0, 1,2 into 162 evaluation cells and 6,300 trials. Generalization
contributes 1,800 trials, Precision and Long-Horizon 1,200 each, Memory 900, and Open 1,200.
We report the official score on a 0—-100 scale and full-task success rate in percent. The overall result
averages the five category means with equal weight:

5
. 1 .
Metricsp = 5 E Metric,. . 2n

c=1

This category average differs from an episode-weighted average because category trial counts differ.
For example, the archived ten-step JADE run has 825/6300 = 13.10% episode-weighted success,
while the category-weighted value reported in the main text is 12.67%.

D.2 PER-TASK RESULTS

RoboTwin 2.0. Table[d|reports JADE’s per-task success rates on all 50 RoboTwin 2.0 tasks under
Clean and Random settings, using ten denoising steps and 100 trials per task and setting.

RoboDojo. Table [3] reports the Score and success rate of JADE on each of the 42 RoboDojo
tasks with ten denoising steps. Every task includes 150 trials across seeds 0, 1, and 2. For each
Generalization task, the standard and randomized variants contribute 75 trials each and are averaged
with equal weight. Each category mean averages the tasks within that category, and the last row
averages the five category means as in Table[2]

D.3 PREPROCESSING AND TRAINING

Images are resized with padding to 224 x 224. Simulation actions comprise 12 joint displacements
relative to the current state and two absolute gripper commands. OAT fitting, policy training, and
inference share the same quantile normalization statistics. RoboTwin uses a consistent red/blue
channel swap during training and inference, while RoboDojo retains RGB order.

Both benchmarks use a 60,000-update cosine learning-rate schedule; RoboTwin training stops after
20,000 updates. Unless otherwise specified, inference uses ten Euler steps to generate a 50-action
chunk and executes the first 25 actions before replanning.

D.4 ADAPTIVE INFERENCE

JADE Balanced uses hg = Amin = 0.1, Amax = 0.5, 8 = 0.3, ¢, = 1078, and Astep ~ 0.4217.
Moment statistics are reset for each policy query. Sampling uses at most ten model evaluations,
while the execution horizon remains fixed at 25. We select Agop to target a mean NFE of five
on stored RoboDojo observations, without using success labels, and use the same configuration
on both benchmarks. Mean NFE is approximately 4.995 on RoboTwin and 4.985 on RoboDojo.
Appendix [C.2] provides the mathematical analysis.

E COMPUTATIONAL COST AND TIMING

Training cost. We compare native 7y 5 and JADE on two NVLink-connected H100 80GB GPUs
with BF16, FSDP, global batch size 2, and identical inputs and optimization settings. After five
warm-up updates, we time 30 synchronized updates, including forward, backward, optimizer, and
EMA computations but excluding compilation and data loading. Median update time increases
from 162.7 to 200.6 ms (+23.3%). Matrix/convolution FLOPs per sample increase from 17.349 to
17.448 TF (+0.57%), counting forward, backward, and recomputation passes with two operations
per multiply-add. These measurements describe the microbenchmark rather than full-scale training.

NFE evaluation subsets. We use ten tasks per benchmark and 50 trials per task and condition,
evaluating RoboTwin under both Clean and Random settings. Within each model, fixed-NFE con-
ditions share the same checkpoint, prediction horizon of 50, and execution horizon of 25. The
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Agilex Piper
RealSense 435i
Dabai DC1

Figure 6: Experimental setup of the dual-arm robotic platform.

RoboTwin tasks are adjust bottle, move pill bottle to pad, place cans in plastic box, rank blocks by
RGB, move can to pot, pick diverse bottles, scan object, rank blocks by size, move stapler to pad,
and hang mug. The RoboDojo tasks are put bottles into dustbin, stack bowls, fold clothes, pour balls
into vase, classify objects, make Kong, build tower, match and pick from conveyor, insert tubes, and
general pickup. These subsets differ from those in Appendix [F

Inference latency. Model-side latency per policy query excludes communication, simulation, and
robot execution. Generating a 50-action chunk takes approximately 74 ms for ten-step native 7 5,
compared with 203, 132, and 78 ms for ten-step JADE, JADE Balanced (about five evaluations), and
two-step JADE, respectively.

F STEP-WISE SEMANTIC UPDATE STUDY

The study in Section[d.5uses ten RoboDojo tasks, two from each capability category. The General-
ization tasks are stack bowls and pack objects into box, the Precision tasks are insert tubes and insert
key, the Long-Horizon tasks are classify objects and fill egg holder, the Memory tasks are cover
blocks and imitate sorting sequence, and the Open tasks are general pickup and classify objects by
language.

All five variants use the same trained checkpoint and change only how the VLM features are com-
puted at inference. Dynamic recomputes the features from the current action at every step, and
Lagged reuses those computed at the previous step. Fixed recomputes them from the initial noise
with the current flow time, and Static computes them once from the initial noise. RF-Off sets the
fusion residuals to zero, so the action expert runs without VLM features.

G REAL-WORLD EXPERIMENTS

Platform and training. We use a PiPER dual-arm robot equipped with one overhead camera
and two wrist cameras. The policy receives RGB images, robot states, and a language instruction,
and predicts chunks of 50 actions. Each action contains 12 absolute joint-angle targets and two
gripper commands. For each task, native 7 5 and JADE are fine-tuned on the same 100 teleoperated
demonstrations. JADE additionally uses a task-specific OAT encoder, which is pretrained on the
demonstrations and frozen during policy training.

Tasks. We evaluate four tasks: Tool Placement, in which the robot picks up a screwdriver and
places it in a tool case; Bimanual Handover, in which one arm picks up a banana and transfers it to
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Table 4: Per-task success rates (%) of JADE on RoboTwin 2.0 with ten denoising steps. Each entry is computed
over 100 trials. The last row averages all 50 tasks.

Task Clean Random Task Clean Random
adjust bottle 100 89 place can basket 80 30
beat block hammer 90 34 place cans plasticbox 86 82
blocks ranking rgb 85 53 place container plate 95 91
blocks ranking size 43 24 place dual shoes 72 53
click alarmclock 88 76 place empty cup 93 91
click bell 95 90 place fan 73 40
dump bin bigbin 93 76 place mouse pad 43 23
grab roller 100 97 place object basket 75 40
handover block 62 6 place object scale 85 59
handover mic 99 15 place object stand 95 66
hanging mug 17 19 place phone stand 73 47
lift pot 93 30 place shoe 87 68
move can pot 83 24 press stapler 84 70
move pillbottle pad 90 55 put bottles dustbin 69 54
move playingcard away 91 82 put object cabinet 43 28
move stapler pad 35 19 rotate qrcode 84 25
open laptop 96 77 scan object 57 48
open microwave 91 42 shake bottle 100 96
pick diverse bottles 68 42 shake bottle horizontally 100 99
pick dual bottles 90 56 stack blocks three 75 24
place a2b left 85 53 stack blocks two 95 74
place a2b right 82 50 stack bowls three 78 56
place bread basket 81 67 stack bowls two 93 77
place bread skillet 79 66 stamp seal 54 38
place burger fries 96 90 turn switch 45 11
Average 79.3 544

the other arm for placement on a plate; Object Arrangement, in which the robot places a blue bowl
on a plate, a green bowl inside the blue bowl, and a red block inside the green bowl; and Tabletop
Organization, in which the robot moves a bottle, a bowl, a red object, and a white block into a green
tray.

Evaluation. Each policy is evaluated over 30 trials per task. We report the success rate for each
task and the unweighted mean across the four tasks.
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Table 5: Per-task Score and success rate (SR, %) of JADE on RoboDojo with ten denoising steps. Each task
includes 150 trials. The last row averages the five category means.

Task Score SR Task Score SR
Generalization Long-Horizon
stack bowls 54.60 48.00 put bottles into dustbin 96.70  94.67
push T 0.00  0.00  fill pen holder 4190 16.67
pack objects into box 2993  17.33 classify objects 43.63 33.33
fold clothes 59.07 54.67 play tic tac toe 15.10 2.00
hang mugs 940  0.67 fill egg holder 6.50  0.00
sweep blocks 333 333 organize table 45.67 2.67
pour liquid into cup 23.33 2333  make Kong 42.67 42.67
make toast 1633  6.00  play stacking toy 0.20  0.00
arrange largest number 5.00 1.33 Category mean 36.55 24.00
sort nesting dolls by size 7.33 733  Memory
store laptop and headphones 22.53  6.00 cover blocks 20.63 14.67
stack blocks 16.27 10.67  match and pick from conveyor 22.67 22.67
Category mean 20.59 14.06  swap blocks 0.00  0.00
Precision swap T 0.00  0.00
fasten screws 2293  8.00 press by number 0.67  0.67
plug in charger 0.00 0.00 imitate sorting sequence 323 133
insert tubes 35.60 16.67  Category mean 7.87  6.56
pour balls into vase 44.67 44.67 Open
play xylophone 1.33  1.33 align blocks 0.00  0.00
deposit coin 6.80  3.33 general pickup 18.67 18.67
insert key 13.80  0.00 stack blocks by language 2.53  0.00
build tower 62.13 56.67  solve equation 0.00  0.00
Category mean 23.41 16.33  classify objects by language 2.87  0.67
pick from conveyor by image 0.00  0.00
store tools in toolbox 0.33  0.00
pour by language 0.00  0.00
Category mean 3.05 242
Five-category mean 18.29 12.67

Table 6: Training configuration for JADE on the simulation benchmarks.

Setting RoboTwin RoboDojo
Training demonstrations 2,500 3,500
Optimizer updates 20,000 60,000
Global batch size 256 256
Hardware 8x A800 80GB
Precision / sharding BF16 / FSDP
Optimizer AdamW, (81, B2) = (0.9,0.95)

Peak / minimum learning rate

Warm-up updates

Alignment weight Aalign

25%x107°/2.5x107°
1,000
0.1
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