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Abstract: Query-based Vision-Language-Action (VLA) models offer low-latency
inference that is attractive for bimanual robotic manipulation, but we observe
that they can still exhibit discontinuous actions and execution failures in complex
dual-arm tasks. We hypothesize that unstable multi-view and language fusion is
one contributing factor in these failures, often coinciding with attention spreading
to distracting regions. To improve robustness, we introduce the Modality Masking
Mechanism (M3), an embarrassingly simple, training-only strategy that requires
no architectural changes or large-scale robot pretraining. M3 stochastically masks
subsets of modality channels during training, exposing the policy to controlled
partial observations and encouraging it to rely less on distracting cues and more
on evidence that remains reliable. We evaluate M3 on ten bimanual tasks from
RoboTwin 2.0 and on three long-horizon real-world tasks. Compared with the
Adapter baseline, M3 improves average success by 21.7% in the Clean setting
and 11.4% in Clean2Rand, where policies are trained on clean demonstrations
and evaluated on randomized scenes, while also improving averaged real-world
full-task success by over 30%. These results suggest that structured training-time
masking is a practical way to improve the robustness of query-based VLA policies
for bimanual manipulation.

Keywords: vision-language-action models, bimanual manipulation, multimodal
learning, robotic control

1 Introduction

Bimanual robotic manipulation is widely viewed as a key stepping stone toward general-purpose
embodied agents, since it demands coordinated dual-arm control [1, 2, 3], contact-rich interaction, and
precise spatiotemporal reasoning. As Vision-Language-Action (VLA) models [4, 5, 6,7, 8, 9, 10, 11,
12] progress from passive multimodal understanding of vision-language models (VLMs) [13, 14, 15]
to acting in the physical world, efficient real-time inference becomes essential for bimanual control.
Among existing paradigms, query-based VLA [6, 16] architectures decode actions with parallel
learnable queries in a single forward pass, offering natural parallelism and low-latency inference.

However, we observe that query-based VLAS can still exhibit discontinuous actions in bimanual
tasks, leading to poor execution (see Fig. 1). In many failure cases, the model’s attention spreads over
irrelevant image regions rather than remaining concentrated on the intended object or contact region:
multi-view inputs introduce salient yet task-irrelevant activations, which we find are often associated
with unstable action rollout and reduced success rates (Fig. 8, Sec. 5).

Why does attention misalignment occur, and how can masking help? We observe a recurring
failure pattern: when all camera views are always visible during training, the policy learns spurious
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Figure 1: Left: representative multi-view, dual-arm platforms that reflect a prevalent form factor in
current embodied manipulation research. (a) A plain query-based VLA exhibits trajectory disconti-
nuities near the contact region. (b) The M3-trained policy produces more stable end-effector paths
and more consistent contact alignment. (c) As shown in the bottom bar charts, M3 yields consistent
improvements over the plain baseline across both simulation and real-world evaluations under clean
conditions.

cross-view correlations rather than reasoning about which view provides reliable evidence for the
current action. For instance, if a distractor in the idle arm’s view has high visual saliency, the model
may incorrectly attend to it even when planning actions for the active arm. This manifests as diffuse
attention spreading (Fig. 8) and severe degradation under distribution shift, where every method we
evaluate drops sharply (Table 2): the Adapter baseline falls from 41.0% average success in Clean
(Table 1) to 3.7%, and the strongest pretrained policy reaches only 12.9%. Our aim is to reduce this
gap rather than to close it.

Why does this happen? Standard training exposes the model to all views simultaneously, allowing
it to exploit any correlation—including unstable ones such as spurious visual feature matching
across views or reliance on idle-arm saliency cues that happen to correlate with success in clean
demonstrations. These correlations work when the training distribution is narrow but break when
distractors, occlusions, or lighting changes alter one view’s appearance. The model never learns
which cues remain informative under perturbation and which are coincidental to the clean training
scenes.

Drawing on decision-making under partial observability [17, 18], we propose training under structured
view dropout: masking the wrist-view group while preserving the egocentric view as a stable spatial
reference forces the policy to solve tasks using evidence that remains reliable across different masking
patterns. When the wrist views are jointly masked, the model cannot rely on wrist-to-ego saliency
matching; it must instead extract task geometry from the egocentric frame, and learn to use wrist
evidence only when those views provide non-redundant local information. We formalize this via
the Modality Masking Mechanism (M3), guided by three bimanual-specific design principles:
(1) preserve the egocentric view as a consistent spatial anchor, (2) mask dual-wrist views jointly
to prevent idle-arm interference, and (3) apply query-subset masking to encourage complementary
action representations. Fig. 2 illustrates the resulting difference: the top panel contrasts the post-hoc
attention structure of the Adapter baseline and M3, while the bottom panel shows their execution in
the same Handover Block stage.

M3 is an embarrassingly simple, training-only intervention: it requires no architectural changes or
large-scale pretraining, making it a low-overhead strategy for improving robustness. We evaluate
on the challenging RoboTwin 2.0 [3] benchmark that spans diverse bimanual tasks and provides
both Clean and Clean2Rand evaluation settings, as well as on three long-horizon real-world tasks.
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Figure 2: Attention structure and contact-rich rollout behavior. Top: Post-hoc attention-score
maps for the Adapter baseline without M3 (left) and M3 (right). Rows are query tokens and columns
are key tokens; E, L, R, T, and Q denote the egocentric, left-wrist, right-wrist, text, and action-query
token groups, respectively. The M3 map exhibits patterns consistent with anchoring global context
in the egocentric stream, reducing cross-view shortcuts, and encouraging more expressive query
interactions. Bottom: At the handover-to-placement stage of the long-horizon Handover Block task,
M3 maintains stable dual-arm coordination and completes placement in the shown rollout, whereas
the Adapter baseline knocks the block over during contact and does not recover. Together, the panels
juxtapose the intended change in attention structure with the qualitative execution difference observed
in a representative rollout.

Clean2Rand trains policies on clean demonstrations and evaluates them on randomized scenes. With
the same backbone and tuning budget as the Adapter baseline [16], M3 improves average success by
21.7% in Clean and by 11.4% in Clean2Rand. On the real robot, M3 raises the averaged full-task
success rate by 25.0% under clean conditions and by 48.6 % under OOD clutter across three long-
horizon tasks. Overall, our Contribution lies in identifying a structured visibility design tailored to
the bimanual multi-view setting, which can serve as a practical training-time strategy for improving
the robustness of query-based VLA policies for bimanual robotic manipulation.

2 Preliminaries

We consider guery-based VLA policies [6, 16] that turn multi-view images and language into an
H-step action chunk in a single forward pass. For simplicity, we treat the proprioceptive inputs
available during training as the default inputs to the VLA and omit further detailed description.
Attime ¢, let V; = [o, (Xfl)), e qSU(Xt(K))] € RM-*4 denote visual tokens from K cameras,
T = ¢¢(P) € RN»*4 the language tokens for instruction P, and @ € RN+*< the decoder’s N,
action queries. A generic model gy predicts

At:gG(WaTaQ)aAt[h] = Qt+h, h:Oa"'aHfl' (1)
where a;, denotes the h-step action and is trained with /1 objective:
0) =||A: — A )
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Figure 3: Overview of the Modality Masking Mechanism (M3). M3 is a training-time strategy that
injects partial observability by stochastically masking modalities and action queries. As illustrated
along the batch and token axes, different token subsets (comprising Egocentric (E), Left-wrist (L),
Right-wrist (R) observations, Text Instructions (T), and Action Queries (Q)) are made visible (grey)
at each training step. These partially observable inputs are processed by the VLM to produce M3-
conditioned latents, which are then used by the action expert to decode actions. This process is
intended to encourage more robust evidence selection and complementary representations without
over-relying on any single input channel.

yielding efficient one-shot continuous control under an ¢; objective. OpenVLA-OFT [6] treats the
zero embedding as a special query, using () = 0 so that the VLM extracts information directly from
(V4,T), and then decodes the action chunks directly from the last-layer query embedding with a
simple action head. VLA-Adapter [16], in contrast, replaces this zero query with learnable queries
@@ = Learnable(Ny, d) and encodes vision and text conditions into the query latent by injecting
Q through per-layer bridge attention [16], which modulates the 7-th layer action latent z7 via
Self-Attention and Cross-Attention:

20 = 0,
ﬁi}i&‘-’t C™ =[SA(z7), CAY(VT), CA.-(Q7)],
Z7HL=FFN(C"), 7=0,...,L—1,
A, =MLP(z")

3

where 7 indexes the layers of the VLM, CA(ZtT) (V™) denotes cross-attention with 2™ as the query and
the visual latents V' from the VLM as keys/values, and the superscript (¢) indicates the tanh(g) gate
applied to bound the output [19].

3 Modality Masking Mechanism (M3)

Design guidelines of M3. The core idea of M3 is to train the policy under controlled partial
observability. Instead of always providing all multimodal tokens at every update, we stochastically
hide subsets of modalities and action queries during training (Fig. 3). The training objective remains
the same regression objective, but the model is required to approximate the ground-truth even when
some signals are missing. In our bimanual setting, we observe that naively dropping modalities at
random can underperform a more structured approach, because careless masks may remove crucial
global context, encourage diffuse attention patterns, or deprive the decoder of useful local signals.
We therefore design M3 around three simple guidelines.

Guideline 1. Preserve a stable spatial reference frame. We always keep the egocentric view visible
to serve as a consistent spatial anchor across timesteps and masking realizations. Unlike wrist
views—which capture task-relevant detail but are prone to occlusion, lighting variation, and distractor



interference—the egocentric view provides a stable global frame for localizing targets and goals.
Crucially, this is not a shortcut: masking the ego view instead is markedly worse (37.0% vs. 64.0%,
Table 3a), since the wrist views alone often cannot localize the goal (e.g., when the placement target
lies outside both wrist fields of view). Instead, by keeping ego visible while randomly masking wrist
views, we force the model to learn when and how wrist views add value beyond what ego provides,
rather than always fusing them indiscriminately. This encourages the policy to extract stable task
geometry from the global view and only rely on local wrist views when they offer non-redundant,
actionable evidence.

Guideline 2. Mask dual-wrist views jointly, not independently. We always mask both wrist cameras
together rather than masking them independently. The rationale is that the left and right wrist views
are spatially correlated: both typically capture overlapping regions of the workspace, especially near
the target object. If we mask them independently, the model can still perform spurious cross-view
feature matching between the visible wrist view and the egocentric view (e.g., matching high-contrast
edges or object saliency across views). By masking both wrist views jointly, we create a clean
separation between global evidence (egocentric) and local evidence (wrist), forcing the policy to
extract task geometry from the stable global frame rather than relying on which wrist view happens to
have better lighting or fewer occlusions. This design reduces idle-arm interference: when wrist views
are masked, the model cannot attend to distractors in the non-executing arm’s camera, preventing the
failure mode observed in Fig. 8 (top).

Guideline 3. Apply query-subset masking to encourage specialization. For action queries, we never
mask all queries simultaneously (which would make the task unsolvable), but instead stochastically
drop a random subset at each training step. This follows the classical dropout principle [20]: when
different subsets of queries must solve the same task under different masking patterns, they are
discouraged from learning redundant representations (co-adaptation). Instead, queries specialize:
some may focus on coarse waypoint planning, others on fine-grained contact alignment, and still
others on temporal consistency across the action horizon. By forcing queries to remain useful even
when their “collaborators” are absent, we encourage them to extract complementary, non-redundant
information from the multimodal context. Empirically, the Q-group attention structure in Fig. 2 (top)
is more expressive under M3 than in the baseline, and we observe improved robustness when the
policy encounters novel view configurations or partial occlusions at test time.

Empirically, our analysis (see Sec. 5 and the Appendix) is consistent with these guidelines: (1)
preserving the ego stream helps sustain global planning, (2) (L+R) arm-view masking reduces
spurious cross-view interactions, and (3) query-subset masking helps the model use diverse semantic
cues under dynamic masking.

M3 Strategy. We introduce a modality-level visibility, which is integrated into the scaled dot-product
attention through additive masks. This approach preserves all embeddings unchanged. Specifically, let
Vi = [Vi°8°, Vit V;R] represent the visual token streams from the egocentric and two arm-mounted
cameras. We propose to sample the mask from a Bernoulli distribution as u,, ~ Bernoulli(1 — p,,)
that masks both arm views jointly. Another mask is sampled from a Bernoulli distribution as
ug ~ Bernoulli(1 — p,) to mask the entire language modality, while ensuring the ego stream is
always retained. For the action queries, we never fully drop any queries. Instead, we sample an
element-wise vector u, € {0,1}" using i.i.d. samples u, (i) ~ Bernoulli(1 — p,) and enforce the
constraint |lu,||1 > 1, ensuring at least one active query at all times.

We define the token index sets for all modalities, which partition the full sequence: Seq, (egocentric),
Swrist (Wrist), Siang (language), and S, (action queries). We then construct a single foken visibility
indicator vector m, where m; = 1 if token ¢ is visible and m,; = 0 otherwise. This vector is populated
based on our sampled variables (letting i’ be the relative index of ¢ within S,):

1, i € Sego,
m; = Uy, (S Swristy (4)
’ Ug, S Slanga

ug(i'), i€ S,
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Figure 4: Example tasks from the RoboTwin 2.0 [3] benchmark, illustrating the visual distinction
between the Clean (top row) and Clean2Rand (bottom row) evaluation settings. The six tasks shown
are representative examples, with two selected from each of the short-, medium-, and long-horizon
categories. Clean2Rand trains on clean demonstrations and evaluates on scenes with changed
backgrounds, lighting, and distractor objects.

For self-attention, a masked token should neither “see” (row mask) nor “be seen” (column mask).

We implement this with a single square additive mask M, which permits attention only between two
tokens if both are visible:

~ 0 mgy =1landm, =1
Mz _ ) T : Y ) 5
Y {—oo, otherwise. )
Finally, the VLM using scaled dot-product attention with this unified modality mask is:
T
Attn = softmax + M, + M) V, 6
( Vd ©

where M, represents the causal mask and M is the unified modality-based mask. These masks are
combined element-wise, enabling the model to train under controlled partial observability, with the
goal of improving robustness under the input conditions.

Query Rescaling for Diverse Encoding. In addition to the attention mask defined in M, we
introduce a query rescaling mechanism to promote diversity and robustness. This mechanism
functions as dropout regularization along the query dimension. Specifically, while the unified mask
M excludes masked queries from the attention computation, we further rescale the embeddings of
the remaining (visible) queries to maintain their expected magnitude, which can be formulated as
1

1—p,
This rescaling preserves the overall feature energy of the query embeddings. Consequently, the
remaining queries may encode richer contextual information. Rather than relying on a fixed subset
of queries, the model is encouraged to distribute task-relevant information across different query
slots. Intuitively, each query may attend to distinct aspects of the visual-language context, since it
cannot depend on a fixed partner query being consistently available. In our experiments, this dynamic
adaptation is associated with improved robustness in downstream action prediction.

Q= q;, ifug(i’) =1 (visible). D

M3 Objective. While adhering to the standard £; loss used in baselines, our M3 training objective
is applied to predictions conditioned on M3-masked inputs. Formally, let V,*3, TM3, and QM3
denote the visible visual tokens, language tokens, and action queries after applying M3. The training
objective remains the same £ regression loss:

'CM3(9) = ||39(‘/;M3a/1—1‘,M37 é\/l?’) - At”lv (8)

where gy denotes the policy. As illustrated in Fig. 3, we follow the Adapter-style action expert, which
decodes actions from visual latents and query latents that already carry the language signal. Training
gp to approximate A, under deliberate partial observability may encourage the query-based VLA
model to learn more robust representations. In practice, this setup may help the model extract diverse,
complementary information from these “dynamically observable latents,” potentially improving
generalization.



Table 1: Domain-clean performance across multi-horizon tasks on the RoboTwin 2.0 simulation
platform. The best performance in each row is bolded, and the second-best is underlined. A denotes
the relative improvement of M3 over the Adapter baseline. Models marked with * are pretrained on
large-scale robot data, while our method achieves superior performance through direct fine-tuning.

Category | Task Name | RDT* 5 | ACT DP Adapter M3 | A
Click Bell 80 44 58 54 84 97 +13
Short Horizon Grab Roller 74 96 94 98 88 96 +8
Place Phone Stand 15 35 2 13 10 55 +45
Place Bread Basket 10 17 6 14 11 22 +11
Medium Horizon Place A2B Right 1 27 0 13 4 28 +24
cdium Horzo Place Shoe 35 28 5 23 34 63 +29
Stack Blocks Two 21 42 25 7 78 83 +5
Handover Block 45 45 42 10 27 74 +47
Long Horizon Put Bottles Dustbin 21 54 27 22 60 81 +21
Block Rank Size 0 7 0 1 14 28 +14

Overall Avg | 302 395 | 259 25.5 41.0 627 | +21.7

4 Experiments

4.1 Setup

Benchmark. We adopt RoboTwin 2.0 [3] as our primary simulation benchmark. The platform
offers 50 dual-arm manipulation tasks with domain randomization over distractors, backgrounds,
lighting, table heights, and language instructions. Following [21], we select /0 tasks grouped into
short-, medium-, and long-horizon categories by mean step count (see Fig. 4). Each task is trained on
50 clean demonstrations and evaluated on 100 held-out scenarios in two settings: Clean uses held-out
clean scenes, while Clean2Rand evaluates the same clean-trained policy on held-out randomized
scenes. For simulation, we follow the official RoboTwin benchmark evaluation protocol and report
the corresponding single-run results for direct comparison with prior work. Real-world protocol. We
further construct three long-horizon bimanual tasks on the Agilex Cobot platform: bottle disposal with
inter-arm handover, bowl stacking and shelving, and vegetable plating followed by plate centering.
Each task exceeds 800 control steps and involves multi-stage grasping, handover, and coordinated
transport. We collect 50 demonstrations per task and evaluate under two settings: clean, which uses
the nominal layout with only task-relevant objects, and OOD, which introduces novel distractor
objects near the targets following recent generalization protocols [22, 4]. For each task and each
model, we repeat the real-world evaluation for three rounds: each round contains 16 clean trials and
8 OOD trials. For fair repeated measurement, the corresponding trial in each round uses the same
scene layout, including the distractor arrangement in the OOD setting. We report averaged full-task
success rates across the three rounds, corresponding to 48 clean and 24 OOD trials per task in total.
Full details appear in Fig. 7 and Appendix.

Implementation details. Our VLM backbone is the Prismatic VLM [14], built upon the Qwen?2.5-
0.5B [23] language model. A key component is its hybrid vision encoder, which combines DI-
NOv2 [24] and SigLIP [25], an architectural choice consistent with OpenVLA [5]. Furthermore, our
action expert module is designed in alignment with the Adapter [16] approach, where, consistent with
the baseline, proprioceptive inputs are utilized as default keys and values. Unless otherwise specified,
all models use the AdamW optimizer, an initial learning rate of 2e — 4, and are trained for 10k steps
with a MultiStep decay of x0.1 at 5 k steps. VLA-Adapter follows the official pro configuration as a
strong baseline. Our method, M3, preserves the backbone architecture and introduces only training-
time modality masking, and the LoRA rank is fixed to 64. We use identical hyperparameters across
short/medium/long horizons in all experiments. Additional implementation details are provided in
the Appendix.



Table 2: Clean2Rand performance across multi-horizon tasks on the RoboTwin 2.0 simulation
platform. All task-specific policies are trained on 50 clean demonstrations and evaluated on 100 held-
out randomized scenes. Relative to the fine-tuned baseline, M3 improves average success by 11.4%.
Unlike VLA policies such as 7 [7] and RDT-1B [8], which rely on massive cross-embodiment,
internet-scale or multi-robot pretraining to reduce the domain gap, M3 uses only clean, task-specific
training data and achieves comparable or better generalization.

Category | Task Name | RDT* w5 | ACT DP Adapter M3 | A
Click Bell 9 3 3 0 7 16 +9
Short Horizon Grab Roller 43 80 25 0 28 54 +26
Place Phone Stand 6 7 0 0 0 12 +12
Place Bread Basket 2 4 0 0 0 6 +6
Medium Horizon Place A2B Right 1 6 0 0 0 2 +2
Place Shoe 7 6 0 0 0 11 +11
Stack Blocks Two 2 1 0 0 0 4 +4
Handover Block 14 8 0 0 0 6 +6
Long Horizon Put Bottles Dustbin 4 13 1 0 2 40 +38
Block Rank Size 0 1 0 0 0 0 0
Overall Avg | 88 129 | 29 0.0 3.7 151 | +114

4.2 Main Results

Domain-clean results. On RoboTwin 2.0 [3] (Table 1), M3 improves the overall success rate from
41.0% to 62.7%, outperforming the Adapter baseline as well as the compared pretrained policies in
this evaluation. The gains are especially pronounced on long-horizon tasks, where the average rises
from 33.7% to 61.0%; on Handover Block alone, success improves from 27% to 74%. As shown in
the bottom panel of Fig. 2, M3 also exhibits more stable execution on this representative long-horizon
task. These results indicate that structured training-time masking can substantially improve robustness
for this query-based bimanual VLA setting.

Clean2Rand results. In Clean2Rand evaluation (Table 2), M3 achieves 15.1% overall success, a
+11.4% gain over the Adapter baseline and the highest among all compared methods. The largest
per-task gains appear on Put Bottles Dustbin (+38%) and Grab Roller (+26%). The sole exception
is Block Rank Size, which stays near zero for every method. This task demands fine-grained relational
size reasoning [12] and already exhibits residual diffuse attention in the Clean setting (Fig. 8), and the
distractors in Clean2Rand further amplify this cross-view interference. Overall, these results indicate
that training-only masking can meaningfully improve domain-shift robustness without large-scale
robot data.

Real-world results. Fig. 5 compares representative rollouts under both the clean and OOD settings.
In the clean setting, the Adapter baseline fails to discard the bottle into the bin, whereas M3 completes
the task sequence successfully in this example rollout. Under the OOD setting, where novel distractor
objects are placed near the targets, the baseline exhibits gripper misalignment during the inter-arm
handover, while M3 appears more stable throughout the episode. More cases are shown in the
Appendix. Quantitatively (Fig. 7), across three repeated evaluation rounds totalling 144 clean and
72 OOD trials, M3 raises the averaged full-task success rate from 44.4% to 69.4% under clean
conditions and from 12.5% to 61.1% under OOD conditions. These numbers suggest that novel
distractors unseen during training substantially reduce the baseline’s full-task success, whereas the
M3-trained policy appears less affected under the same OOD protocol.
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Figure 5: Qualitative comparison of real-world execution under clean and OOD conditions. The
second column provides a close-up from the right-arm wrist camera. (a) In the clean setting, the
Adapter baseline fails to release the bottle into the bin, whereas M3 completes the discard smoothly.
(b) Under OOD clutter, the baseline suffers from gripper misalignment during handover, while M3
maintains stable alignment throughout the sequence.

5 Analysis

Cross-backbone transfer. To probe whether
M3 may transfer beyond the Adapter backbone,
we apply it to OpenVLA-OFT [6], a structurally
distinct query-based VLA with parallel decod-
ing and bidirectional attention. As shown in
Fig. 6, M3 improves the overall average suc-
cess rate of OpenVLA-OFT from 32.2% to
53.5% under the domain-clean RoboTwin pro-
tocol, with gains across short-, medium-, and
long-horizon tasks. Taken together, these results
suggest that the benefits of the proposed struc-
tured partial-observability training strategy may
extend beyond the primary backbone studied in
the main paper. Further per-task breakdowns are
provided in the Appendix.

M3-OFT |53.5%
OpenVLA-OFT 32.2%
Adapter | a2%
g |30.5%
0%  10%  20%  30%  40%  50%  60%

Average Success Rate (%)

Figure 6: Cross-backbone transfer. Under the domain-
clean RoboTwin protocol, M3-OFT raises average suc-
cess from 32.2% to 53.5% and exceeds the evaluated
baselines.
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Figure 7: Overview of real-world evaluation. Top: three representative tasks successfully executed
by M3: (1) Bottle Cleanup, (2) Stack Shelf, and (3) Veggie Centering. Bottom-left: our bimanual
robot platform. Bottom-center: full-task success rates under clean and OOD settings, where M3
shows consistent improvement over the Adapter baseline. Bottom-right: illustration of the two
evaluation settings (clean vs. OOD with novel distractor objects). The baseline degrades more sharply
under OOD clutter, suggesting that M3 appears to be more robust to unseen distractors. Detailed task
definitions, protocols, additional demonstrations, and tabulated results are given in Sec. 4.1 and the
Appendix.
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Figure 8: Spatial attention under v1ewpomt variation. On Click Bell and Block Rank Size, the Adapter
baseline spreads attention over distractors, the gripper, and background regions, whereas M3 more consistently
concentrates on the target and contact region. Attention remains partly diffuse on the harder Block Rank Size.

Visualization of M3. Fig. 8 compares spatial attention maps of the baseline and M3 on
RoboTwin 2.0 tasks. We consistently observe that the baseline allocates more attention to dis-
tractors, the robot gripper, and background regions, whereas M3 tends to produce more compact
attention around the object and contact region. The token-level attention-score analysis in the top
panel of Fig. 2 complements these spatial maps by visualizing interactions among the egocentric,
wrist, language, and action-query groups. Together with complementary statistics in the Appendix,
these patterns are consistent with our hypothesis that training under structured partial observability
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encourages more task-focused evidence selection; concurrent work likewise uses attention analysis to
study VLA failures [26, 27].

Training efficiency. We define training efficiency as achieving a target success rate with fewer
optimization steps while preserving or improving the final plateau. Fig. 9 compares learning curves
on a short-horizon task (Place Phone Stand) and a long-horizon task (Handover Block) under identical
settings. Across both settings, M3 rises more steeply and saturates at a higher level than the Adapter
baseline. It reaches strong performance earlier and sustains a stable margin thereafter, indicating
better sample efficiency and more reliable convergence. This trend suggests that M3 may provide a
more favorable training signal in these settings.
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Figure 9: Success rate vs. training steps on Place Phone Stand (short-horizon) and Handover Block
(long-horizon). Under the same compute budget, M3 tends to reach higher success rates earlier and
maintains a consistent margin over the Adapter baseline throughout training.

Ablation of M3. At the view level, Table 3(a) shows that preserving the egocentric (ego) view while
jointly masking both wrist views outperforms masking the ego view or only one wrist view. This
supports the role of the ego view as a global anchor and suggests that paired wrist-view masking is
preferable to independent single-wrist masking. Table 3(b) further shows that a light query-mask ratio
works best, whereas overly aggressive query masking reduces success. Table 4(a) then decomposes
M3 into vision, language, and query masking components. Single-component masking remains
limited (29.0%—-34.0% Avg. SR), and adding language to vision gives only 36.7%; in contrast,
combining vision and query masking raises Avg. SR to 60.3%, while the full V+L+Q configuration
reaches 64.0%. Table 4(b) compares M3 with generic regularization baselines: token dropout (31.8%),
modality dropout (24.1%), visual augmentation (22.3%), and region augmentation (23.0%) all stay
far below full M3. Overall, Table 4 indicates that the main gain comes from coupling structured
vision masking with query masking, and that generic dropout or augmentation is not sufficient for
this bimanual multi-view setting.

Table 3: Targeted masking ablations. (a) Vision view-level masking while non-view masking
components follow the full-M3 setting. Rows compare masking the egocentric view, one wrist view
(L or R), and both wrist views. (b) Query-mask ratio, including the unmasked Adapter baseline
(0.0). Masking both wrist views and using a light query-mask ratio (0.1) achieve the highest average
success rates in their respective comparisons.

(a) Vision view-level masking. (b) Query-mask ratio.
M3 variant | Place Phone Stand ~ Place Shoe ~ Handover Block ~ Avg Query Mask Ratio | Place Phone Stand ~ Place Shoe ~ Handover Block ~ Avg
Mask ego 20 49 42 37.0 0.0 (Adapter) ‘ 10 34 27 23.7
Mask one wrist 22 39 37 327
. 0.1 55 63 74 64.0
Mask both wrists 55 63 74 64.0 03 50 59 59 56.0
0.5 49 58 63 56.7
0.7 52 55 55 54.0
0.9 41 40 50 437
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Table 4: Ablation studies. (a) Component ablation: V, L, and Q denote vision, language, and query
masking. (b) Comparison with dropout and augmentation baselines. Avg. SR is the mean success
rate over Place Phone Stand, Place Shoe, and Handover Block.

(a) Component ablation. (b) Dropout and augmentation baselines.
Method Mask Avg. SR Method Avg. SR
Adapter none 23.7 Adapter 23.7
Language-only L 29.0 Token dropout 31.8
Vision-only \Y% 34.0 Modality dropout  24.1
Query-only Q 333 Visual aug. 22.3
Vision+language V+L 36.7 Region aug. 23.0
Vision+query V+Q 60.3 Mask one wrist 32.7
M3 (full) V+L+Q 64.0 M3 (full) 64.0

6 Related Works

Vision-Language-Action Models. VLAs [4,5,6,7,8,9, 10, 11, 28] have greatly advanced general-
purpose robotic policies by leveraging large-scale pretrained vision-language models (VLMs) [13, 14,
15] to connect perception with action. Current VLAs generally fall into three modeling categories. (1)
Autoregressive models such as RT-2 [4] and OpenVLA [5] discretize continuous actions into language
tokens and predict them sequentially. CoT-VLA [29] further introduces Chain-of-Thought reasoning
to imagine intermediate visual states before generating actions, separating visual reasoning from
execution. However, such discretization can lead to quantization errors that reduce action precision in
fine-grained manipulation. (2) Diffusion-based models operate directly in continuous action space.
Diffusion Policy [30] learns high-quality grasp trajectories through iterative denoising, while g [7]
enhances sampling efficiency via a Mixture-of-Transformers [31] and flow matching [32]. Although
effective, these approaches [5, 7] often depend on extensive pretraining. (3) Query-based models
decode actions in a single forward pass and regression objective. ACT [1] adopts a DETR-style
architecture with temporal ensembling for stable predictions, and OpenVLA-OFT [6] extends it with
parallel decoding for efficient adaptation. VLA-Adapter [16] further scales this design to a compact
0.5B-parameter model, introducing action queries and bridge-attention experts, achieving competitive
single-arm performance without large-scale retraining. Despite these advances, query-based VLAs
remain underexplored in more complex bimanual settings [3]. To address this gap, we introduce
a lightweight modality-masking mechanism that requires no architectural changes and incurs zero
additional compute or parameters, and empirically improves policy generalization across diverse
bimanual manipulation tasks.

Learning-based Bimanual Manipulation. Leveraging structured reinforcement learning and
coordination priors, recent bimanual manipulation works have achieved robust sim-to-real transfer
across various dual-arm skills [33, 34]. Concurrently, multimodal perception, including visuo-
tactile fusion and wrist-force sensing, has improved contact state estimation, robustness, and data
efficiency [35, 36, 37]. Moreover, directly learning implicit action signals from human videos
bridges the embodiment gap and lowers demonstration costs [38, 39, 40]. Within the most widely
studied imitation-learning track, ACT and diffusion policies on low-cost and mobile whole-body
ALOHA systems demonstrate strong real-world coordination under modest supervision [1, 30, 2, 41];
foundation-scale diffusion (RDT-1B) [8] and efficient 3D flow-matching policies [42] unify action
spaces and set new state of the art across robots and tasks. However, diffusion models can incur
nontrivial training and inference cost; our work instead explores a query-based foundation policy that
directly decodes actions in a single step, aiming to retain efficiency while matching or surpassing
pretrained models.

Dropout and training-time regularization. Dropout [20] randomly deactivates neurons during
training to prevent co-adaptation. This principle has been extended to layer dropout [43], attention

12



dropout [44], and modality dropout for multimodal fusion [45, 46]. Our ablations (Table 4) show
that generic token dropout and modality dropout reach only 31.8% and 24.1% average success,
respectively, whereas the structured M3 configuration reaches 64.0%.

7 Limitations

While M3 shows consistent gains across RoboTwin 2.0 and three real-world tasks, broader evaluation
on additional robot platforms, task categories, wider VLA architectures, and richer input modalities
such as 3D geometric information, together with a deeper analysis of how structured masking
influences multimodal fusion and diffusion-based action decoding, remains future work.

8 Conclusion

We study robustness issues in query-based VLA models for bimanual manipulation and introduce
M3, a simple training-only modality masking strategy. Across RoboTwin 2.0 and three long-horizon
real-world tasks, M3 consistently improves over the Adapter baseline while requiring no inference-
time architectural changes. These results suggest that structured training-time masking is a practical
way to strengthen query-based bimanual VLA policies.
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Table 5: VRAM footprint during simulation on RTX 4090 (24 GB). OpenVLA-OFT approaches the
24 GB ceiling and frequently triggers OOM failures, whereas VLA-Adapter (0.5B) operates with a
substantially smaller footprint, enabling stable iteration [16].

Model | VRAM (GB) | Status

OpenVLA-OFT (7B) ~~ 23-24 OOM-prone
VLA-Adapter (0.5B) ~ 10 Stable

A Experimental Settings

A.1 Backbone Rationale and Motivation

We adopt VLA-Adapter [16] as our primary backbone, motivated by its parameter efficiency and
alignment with our research objectives.

Parameter and Inference Efficiency. VLA-Adapter leverages a 0.5B-scale vision-language backbone
with a lightweight bridging attention strategy, enabling parameter-efficient fine-tuning without large-
scale robotic pretraining. This aligns well with our goal of enhancing bimanual manipulation under
limited training resources. It also offers low-latency inference via one-shot decoding of learnable
action queries.

Practical and Computational Constraints. In contrast, the 7B-parameter OpenVLA-OFT [6] de-
mands more parameters and query embeddings for bimanual tasks. This imposes significant overhead
in multi-view and long-horizon scenarios, causing high VRAM sensitivity. This burden is exacerbated
during Clean2Rand evaluation, where diverse environment assets must be rendered concurrently.
In our engineering setup, we simulate with an RTX 4090 GPU since the H100 lacks Vulkan sup-
port for SAPIEN rendering. Consequently, the combined VRAM footprint of OpenVLA-OFT and
simulation rendering frequently approaches the 24GB ceiling (see Table 5). This leads to frequent
Out-Of-Memory (OOM) failures and impedes experimental throughput. Therefore, to support faster
iteration on commodity-grade GPUs, we prioritize VLA-Adapter.

Empirical Suitability in Simulation. This preference is not solely resource-driven. In the original
VLA-Adapter paper, the authors report that VLA-Adapter achieves performance broadly comparable
to OpenVLA-OFT across multiple simulated results, and in some cases slightly better, despite using
a substantially smaller backbone [16]. We observe a similar tendency in our own domain-clean
evaluation: as summarized later in Table 8, the Adapter baseline remains competitive and attains a
higher average success rate than OpenVLA-OFT. While these comparisons are drawn from different
benchmarks and implementations, they suggest that selecting VL A-Adapter is a practically reasonable
backbone choice rather than merely a compromise for memory efficiency.

Methodological Motivation. Methodologically, we observe that query-based VLA models (e.g.,
VLA-Adapter) can exhibit unstable multi-view and language fusion in bimanual control, often
coinciding with attention spreading to distracting regions. This observation motivates our proposed
improvements. To this end, we introduce M3: a modality masking strategy effective exclusively
during the training phase. Based on a heuristic design, M3 operates by stochastically masking partial
modality channels and action query tokens. Without altering the baseline architecture, this approach
provides structured partial observability during training and encourages more robust evidence use.

A.2 Baselines.

Action Chunking with Transformers (ACT) [1]. ACT, based on a conditional variational autoen-
coder (CVAE) imitation learning formulation, uses action chunking to predict future action sequences
and applies temporal ensembling techniques to ensure stable and smooth execution. Inspired by
DETR, the model adopts an encoder—decoder architecture where action queries feed into the trans-
former decoder to predict actions. It trains through direct behavior cloning with a regression loss
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applied to complete action chunks, and empirically demonstrates the ability to solve fine-grained
bimanual manipulation tasks on low-cost hardware.

Diffusion Policy (DP) [30]. Diffusion Policy treats visuomotor control as a conditional denoising
diffusion process over action trajectories. It learns to iteratively refine noisy action sequences into
expert-like control signals conditioned on current observations. The forward process adds Gaussian
noise to ground-truth action horizons, while a neural network learns the reverse denoising dynamics
given images and robot state. At inference, the model samples a full future action horizon via
iterative denoising and executes only the initial segment before re-planning. This enables robust
receding-horizon control and naturally captures multimodal action distributions. Empirically, it
outperforms standard behavioral cloning across many manipulation tasks and serves as the canonical
“diffusion over actions” formulation that many VLA architectures adopt as their continuous-action
head or expert.

Robotics Diffusion Transformer (RDT) [8]. Addressing the high complexity and data scarcity of
bimanual manipulation, RDT-1B presents itself as a 1.2B parameter diffusion-based foundation model.
The work introduces a "Physically Interpretable Unified Action Space” to unify action formats, which
facilitates the pre-training of its Robotics Diffusion Transformer (RDT) on a massive 1M+ multi-
robot trajectory dataset. The model subsequently undergoes fine-tuning on 6K+ bimanual-specific
episodes. By leveraging a scalable Transformer and diffusion modeling to represent multi-modal
action distributions, RDT-1B achieves strong zero-shot generalization to new objects and scenes,
follows language instructions, and learns new skills from just 1-5 demonstrations.

7o [7]. This model represents a large Vision-Language-Action (VLA) foundation policy built
on a pretrained Vision-Language Model (VLM) [13], augmented with a continuous-action flow-
matching [32] expert to enable generalist robot control. The VLM encodes images and natural-
language instructions, inheriting internet-scale semantic knowledge, while the flow model learns a
conditional vector field that transforms noise into continuous robot actions given visual, linguistic,
and proprioceptive context. 7y trains on a variety of datasets for single-arm, bimanual, and mobile
manipulators, follows complex language instructions, and allows for fine-tuning to acquire new
skills. As a VLM-based prototype VLA foundation model, it influences a large body of subsequent
diffusion-based VLA work.

VLA-Adapter (Adapter) [16]. VLA-Adapter builds a VLA by freezing a 0.5B vision-language
backbone and learning lightweight adapter and policy modules that bridge multimodal features to
actions. Rather than pre-training the VLM on robot data, it identifies the most control-relevant vision-
language conditions and injects them into the action space through a policy module with Bridge
Attention. With modest amounts of robotic data, VLA-Adapter reaches competitive performance
on simulated and real benchmarks while retaining fast inference and much lower training cost than
billion-parameter VLAs. It is therefore a representative small-scale VLA baseline centered on
efficient VL-to-action bridging instead of backbone scaling or heavy diffusion or flow heads.

A.3 Additional Configuration

All models are trained on a high-performance compute cluster equipped with 4 x NVIDIA H100
GPUs to ensure optimization efficiency, while all evaluations and inference benchmarks are conducted
on a single NVIDIA RTX 4090 GPU. We maintain consistent training hyperparameters between the
VLA-Adapter baseline and our M3 method, employing a global batch size of 48 (12 per GPU). For the
OpenVLA-OFT experiments, we adjust the global batch size to 16 (4 per GPU) to accommodate the
higher memory footprint of the 7B backbone, while keeping all other training configurations identical
to those of the VLA-Adapter. Furthermore, adhering to the standard dual-arm Aloha protocols [1]
established in RoboTwin 2.0 and OpenVLA-OFT, we strictly adopt an action chunk size of 25 steps
across all training and evaluation sessions.
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Table 6: Task statistics and horizon categorization on the RoboTwin 2.0 benchmark.

Task Name | Steps | Horizon | Horizon Group
Short Horizon Tasks
Click Bell 62 Short

Average: 95 steps

Grab Roller 95 Short Count: 3 tasks

Place Phone Stand 128 Short
Medium Horizon Tasks

Place Bread Basket | 222 | Medium

Place A2B Right 140 | Medium | Average: 197 steps
Place Shoe 149 | Medium Count: 4 tasks

Stack Blocks Two 277 | Medium

Long Horizon Tasks

Handover Block 287 Long
Put Bottles Dustbin | 592 Long
Block Rank Size 505 Long

Overall Statistics | Total: 10 tasks, Average: 245 steps.

Average: 461 steps
Count: 3 tasks
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Figure 10: Overview of the Modality Masking Mechanism (M3) for OpenVLA-OFT [6], which is
built upon the OpenVLA-7B [5] backbone. The legend follows the same color and token conventions
as the main-paper overview figure. The three main differences from VLA-Adapter [16] include: (1)
the adoption of parallel decoding with bidirectional attention, (2) the input of zero-query embeddings
with shape (action axes) X (chunk size), and (3) unlike VLA-Adapter, which interacts vision and
query latents via an action expert at every layer, here the final-layer query latents are mapped
pointwise to the minimal unit of the action signal. For example, if we infer 7' = 25 action steps
and each bimanual timestep has A = 14 action axes, we provide A x T' = 14 x 25 = 350 query
embeddings.

A.4 Tasks.

To evaluate our proposed M3 strategy, we conduct experiments on the RoboTwin 2.0 benchmark [3].
Following standard protocols, we select a set of 10 bimanual manipulation tasks that involve varying
degrees of coordination, contact-rich interaction, and spatiotemporal reasoning.

Task Horizons and Complexity. As detailed in Table 6, we categorize these tasks into three groups
based on their planning horizon and average step count to analyze performance across different
temporal complexities:

* Short Horizon: This category includes tasks such as Click Bell, Grab Roller, and Place
Phone Stand. These tasks typically involve fundamental reaching or grasping primitives
with an average duration of approximately 95 steps.
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Table 7: Representative seen (training) and unseen (evaluation) language instructions. During
evaluation, instructions are stochastically sampled from the complete unseen set.

Category Task Name Seen Instructions Unseen Instructions
Click Bell Touch the bell at its top center.  Find the palm-sized bell and
click its top center.
Short Horizon Grab Roller Grab the roller on the table. Use arms to grab the light
brown cylindrical roller.

Place Phone Stand  Move the palm-sized phone Set the handheld phone with
onto the compact plastic phon-  silver frame on the adjustable
estand. phone holder.

Place Bread Basket ~ Grab both the small bread and ~ Use one arm to grab the palm-

Medium Horizon

Place A2B Right

Place Shoe

Stack Blocks Two

the golden bread loaf, drop
into the beige plastic breadbas-
ket.

sized braided golden bread,
drop in the round beige bread-
basket.

Place the manual blue sta-
pler precisely to the right of
the woodenblock with back
grooves.

Put the hard black box for card
deck to the right of the bright
blue soap bar.

Move the white shoe with
rounded toe from the table to
the mat in one fluid motion.

Grab the synthetic shoe upper
from the table and set it on the
mat.

Shift red block to the center
and place green block on top.

Place red block in the middle,
then stack green block on it.

Long Horizon

Handover Block

Put Bottles Dustbin

Block Rank Size

Hold the red block with the left
arm and place it on the pad.

Grab the red block with the left
arm, switch to the right, and
place it on the blue pad.

Take the bottle made of
smooth plastic, drop it in the
dustbin with lid and bag, then
move the blue-accented cylin-
drical bottle and the black and
red bottle to the dustbin with
lid and bag.

Grab the yellow bottle with
elongated cylinder body and
place it in the curved rectangu-
lar trash can, then do the same
for the plastic bottle and the
bottle with red screw cap.

Bring large block, medium
block, and small block to the
center, sorting largest to small-
est.

Sort the three blocks by size
at the center, from the largest
block to the smallest.

* Medium Horizon: Tasks such as Place Bread Basket, Place A2B Right, Place Shoe,
and Stack Blocks Two fall into this category. They require sequential actions—such as
pick-and-place operations or dual-arm coordination—averaging 197 steps in length.

* Long Horizon: The category comprises Handover Block, Put Bottles Dustbin, and Block
Rank Size. These tasks generally demand extended reasoning and multi-stage execution. For
instance, Block Rank Size involves sorting multiple objects, extending the horizon beyond
500 steps (avg. 461 steps).

This multi-horizon stratification allows us to examine M3 across varying temporal complexities,
including longer sequences where we observe that the baseline query-based VLA can exhibit drift or
instability.

Instructions. To assess the model’s language grounding capability and robustness to linguistic
perturbations, we follow the official RoboTwin 2.0 benchmark settings to evaluate performance under
two instruction settings, as enumerated in Table 7:
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Table 8: Domain-clean performance across multi-horizon tasks on the RoboTwin 2.0 simulation
platform. The columns labeled +M3 denote the integration of our M3 training strategy into the
preceding baseline (Adapter and OpenVLA-OFT, respectively). The best performance in each row
is bolded, and the second-best is underlined. A°" denotes the relative improvement of M3 over the
OpenVLA-OFT baseline. Overall, these results provide additional supporting evidence that M3 may
transfer beyond the primary VLA-Adapter backbone in the evaluated domain-clean setting.

Category | Task Name | RDT* w5 | Adapter +M3 | OpenVLA-OFT +M3 | AR
Click Bell 80 44 84 97 86 100 +14

Short Horizon Grab Roller 74 96 88 96 94 97 +3
Place Phone Stand 15 35 10 55 24 56 +32

Place Bread Basket 10 17 11 22 3 13 +10

Medium Horizon Place A2B Right 1 27 4 28 8 10 +2
Place Shoe 35 28 34 63 17 50 +33

Stack Blocks Two 21 42 78 83 22 69 +47

Handover Block 45 45 27 74 28 39 +11

Long Horizon Put Bottles Dustbin 21 54 60 81 40 75 +35
Block Rank Size 0 7 14 28 0 26 +26
Overall Avg | 302 395 | 41.0 62.7 | 322 535 | 4213

1. Seen Instructions: The set of instructions that are explicitly visible to the model during the
training phase (e.g., “Touch the bell at its top center”).

2. Unseen Instructions: Instructions that share the same semantic intent as the training
commands but employ more varied and complex phrasing. These are used exclusively
during evaluation to assess the model’s robustness to linguistic diversity (e.g., “Find the
palm-sized bell...”).

B Additional Experiments

To further examine transfer beyond the primary backbone studied in the main paper, we extend
M3 to the OpenVLA-OFT [6] framework, which features a distinct query-based architecture with
parallel decoding and bidirectional attention, as illustrated in Fig. 10. As detailed in Table 8, this
integration improves the average success rate by 21.3% over the standard OpenVLA-OFT baseline in
the domain-clean setting. The consistency of these gains across short-, medium-, and long-horizon
tasks provides additional supporting evidence that M3 may transfer beyond VLA-Adapter in the
evaluated setting.

B.1 Quantitative Attention-Misalignment Analysis

To complement the qualitative heatmaps shown in the main paper, we further analyze whether
action discontinuities are statistically associated with a larger amount of attention allocated away
from prompt-relevant visual patches. Following the analysis style of recent empirical studies on
visuomotor attention quality [47, 26, 27], we revisit the three representative tasks used in our ablation
study, namely Place Phone Stand, Place Shoe, and Handover Block. For each task, we recollect
both temporally smooth rollouts and discontinuous rollouts from the evaluation logs and compute a
DTP-style unimportant attention statistic from the model’s internal self-attention tensors [47].

Concretely, we first form an important patch set G on the concatenated three-view visual tokens
using prompt-to-visual relevance, and then sum the action-to-visual attention mass outside G. In the
configuration used here, prompt-to-visual relevance is averaged over the last 12 transformer layers
and G retains the top 50% visual patches by relevance. This post-hoc statistic does not affect action
prediction.

Because these trajectories have different horizons, we normalize each rollout to the interval [0, 1] and
aggregate the per-step attention statistic along normalized time. The resulting comparison is shown in
Fig. 11. Across all three tasks, discontinuous trajectories tend to exhibit higher unimportant-attention
values than their smooth counterparts. This gap is more visible in the middle-to-late phases of
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Figure 11: Quantitative attention-misalignment analysis on three representative tasks. Discontinuous
trajectories tend to exhibit higher unimportant attention than smooth trajectories over normalized
rollout time.

execution, where contact formation, object transfer, and final placement require accurate localization
and temporally stable evidence selection. The trajectories produced by M3 tend to maintain a lower
level of attention outside the prompt-relevant patch set throughout the rollout, suggesting that the
policy may be less prone to drift toward distractors once the manipulation enters contact-rich stages.

This result provides a quantitative complement to the visualizations in the main paper: rollouts with
larger action attention outside the prompt-relevant patch set tend to be more jittery or discontinuous.
Together with the main-paper heatmaps, this trend is consistent with the hypothesis that training-time
masking may reduce reliance on salient but task-irrelevant cues during cross-view fusion.

Bimanual-specific interpretation. The above trend is particularly relevant to dual-arm manipulation.
In single-arm settings, the wrist camera typically remains aligned with the acting hand and the
egocentric view, so visual evidence from different viewpoints is less likely to compete. In our
bimanual setting, however, the idle arm can introduce a distractor wrist view that remains visually
salient but action-irrelevant for the current sub-step. This creates a characteristic form of cross-view
interference that is weaker or absent in single-arm manipulation. Our masking rules, especially
preserving the egocentric stream while jointly masking the wrist views, were designed to address this
hypothesized failure mode and may help explain the generalization gains observed at inference. The
trend in Fig. 11 is consistent with this interpretation.

C Visualization Results

Real-World stage-level trends and qualitative cases. Table 9 provides a stage-level breakdown of
the same three-task real-world evaluation summarized in the main paper. The performance differences
are distributed across multiple phases rather than concentrated in a single substep. In Bottle Cleanup,
the largest clean-setting gaps appear at the bimanual handover and final disposal stages, where
coordination demands are highest. In Stack & Shelf, the two methods achieve comparable rates at
the initial bowl pickup, while the gap is most pronounced at the bowl-stacking phase. In Veggie
Centering, the gaps grow progressively from the early placement phases to the later plate-transport
and centering stages. Under OOD clutter, baseline rates decline across all phases in each task, while
M3 degrades comparatively less in this evaluation.

Figs. 14-22 provide qualitative context for these aggregate rates. For Bottle Cleanup, Fig. 14 shows
a clean case where the baseline reaches the bin with the brown-cap bottle but fails to release it,
whereas M3 completes both disposal branches. Fig. 15 presents a second clean case in which both
methods progress through the early pickups, yet only M3 enters the later transfer-and-disposal stage.
Fig. 16 depicts an OOD cluttered scenario where the baseline stalls at an early phase. For Stack
& Shelf, Fig. 17 shows a clean case where the baseline narrowly completes the full task despite an
imprecise bowl stack, whereas M3 maintains smoother execution across multiple stages. Fig. 18
shows a harder clean case where the baseline fails to complete the later pickup-and-placement stages.
Fig. 19 presents an OOD example in which the baseline misses the initial bowl grasp, whereas M3
completes the full stack-and-shelf sequence. For Veggie Centering, Fig. 20 shows a baseline failure
at the final centering stage, with visible downward drift that perturbs the cloth. Fig. 21 presents a
second clean case where the baseline reaches the transport stage but leaves the transfer incomplete.
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Table 9: Per-phase and full-task success rates (%) for three real-world bimanual tasks, pooled over
three evaluation rounds (clean: 3x16 =48 trials; OOD: 3x8 =24 trials per task). Full-task rows report
the pooled rate together with the sample standard deviation across the three round-wise full-task
success rates.

Clean (010))]
Task Phase Adapter M3 Adapter M3
o Brown-bottle disposal 68.8 85.4 20.8 70.8
§ Green-bottle lift 85.4 91.7 37.5 75.0
E) Bimanual handover 54.2 79.2 16.7 62.5
€  Final disposal 54.2 79.2 16.7 62.5
m
Full task 41.7+9.6 66.7+36 167472 58.3+19.1
. Bowlpickup 87.5 87.5 20.8 79.2
2  Bowl stacking 45.8 75.0 16.7 70.8
% Stacked-bowl pickup 39.6 58.3 12.5 54.2
&  Shelf placement 39.6 58.3 12.5 54.2
"
Full task 27.1496 583436 12.5+125 542472
@ Cucumber placement 91.7 97.9 25.0 87.5
é Eggplant placement 87.5 95.8 16.7 83.3
O  Plate-rim grasp 75.0 89.6 12.5 70.8
% Plate centering 64.6 83.3 8.3 70.8
g Full task 64.6+36 83.3+96 83+144 70.8+72

Fig. 22 depicts an OOD example in which the baseline fails at an early grasp while M3 proceeds
to completion. Across these cases, the qualitative differences align with the phase-level trends in
Table 9.

Qualitative Attention Patterns. A core motivation of M3 is to reduce overfitting to spurious visual
correlations, such as background textures or the robot’s own gripper. These distractions are prevalent
when fusing high-dimensional multi-view inputs. As illustrated in Fig. 12, the baseline policy
often exhibits attention misalignment. In the Handover Block and Click Bell tasks, the baseline’s
attention maps are scattered across the table surface and irrelevant regions. This lack of focus is often
accompanied by failures to localize the target object or the correct transfer point. In contrast, the
M3-trained policy shows more concentrated attention in the shown examples. The heatmaps suggest
that the model attends more consistently to task-relevant semantic regions, including the object to be
grasped, the receiving hand, contact points, or the final placement pad. These qualitative patterns
are consistent with the hypothesis that stochastic masking of arm views and queries during training
may encourage the model to rely less on transient, salient pixel features. We also note that M3 does
not completely remove attention misalignment in Clean2Rand. In several failure cases, distractor
backgrounds, lighting variation, or visually salient arm regions still attract attention away from the
true contact area. We attribute part of this gap to training policies on clean demonstrations while
Clean2Rand evaluates them on scenes with amplified nuisance factors.

Qualitative Execution Stability. Temporal execution differences are qualitatively consistent with
the attention patterns discussed above. Fig. 12 provides a timeline comparison between the baseline
and M3. In the Click Bell task (Fig. 12, bottom), the baseline policy struggles to ground the bell
instruction, resulting in a prolonged search phase (T' = 40s) that ultimately ends in failure. In the
shown rollout, the M3 policy appears to locate the target earlier and executes the click action in
T = 6s. Similarly, in the Handover Block task (Fig. 12, top), the baseline policy inadvertently knocks
over the target object during the interaction. This collision drives the scene into an out-of-distribution
state where the policy becomes disoriented and unable to recover, causing the execution to stall at
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T = 80s. By contrast, the M3 policy completes the successful handover and placement in 24s in the
shown example. Across these examples, more focused attention coincides with more stable execution.

Qualitative Long-Horizon Rollout Comparisons. Bimanual manipulation often requires sequential
reasoning, where early minor errors can compound into catastrophic failure. Fig. 13 illustrates
comparative rollouts for complex, long-horizon tasks. In the Block Rank Size task (Fig. 13, top),
which requires sorting objects by size, the baseline correctly grasps the first block but fails to maintain
the logical ordering during placement, leading to a ranking error at 7' = 120s. In the shown example,
M3 successfully arranges the blocks from largest to smallest by 7" = 44s. Furthermore, in the Put
Bottles Dustbin and Handover Block tasks (Fig. 13, middle and bottom), the baseline often fails
during contact-rich phases. In the Put Bottles Dustbin task, the policy makes unstable contact during
the manipulation process. These errors accumulate over time and result in the target bottle being
knocked over, as observed in the final failure state at 7' = 169s. In contrast, M3 completes these
intricate sequences without disturbing the environment state in the shown rollouts. Overall, these
examples are qualitatively consistent with improved long-horizon stability under M3.

Discussion. Collectively, these visualizations are consistent with the possibility that the dynamic
visibility constraints introduced by M3 may function as a regularization mechanism. By encouraging
the model to extract complementary evidence from vision and language under partial observability,
the strategy may reduce reliance on spurious correlations. We hypothesize that such stochastic
occlusion may penalize reliance on salient but task-irrelevant features and encourage the model
to anchor its decision-making on more durable semantic and geometric cues. These qualitative
patterns may help explain the more focused attention maps, lower execution instability, and improved
long-horizon performance observed in our experiments.

See Fig. 12 for attention maps, Fig. 13 for long-horizon rollouts, and Figs. 14-22 for
real-world cases on the following pages.
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[ User Command: Grab the red block with the left arm, switch to the right arm, and set it on the blue pad.

-

-, S
Ours | Handover Block | Success T=24

User Command: Find the blue bell with glossy finish and click its top center.

Base | Click Bell | Failure T=40

Ours | Click Bell | Success T=6

Figure 12: Qualitative attention maps and rollout timelines comparing the baseline with M3 across
representative bimanual tasks.
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User Command: Place large block, medium block, and small block at the table center, largest to smallest.
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User Command: Pick up the plastic bottle with two distinct parts, drop it into the curved rectangular trash can, then
repeat for the plastic bottle and the medium black bottle.
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Ours | Put Bottles Dustbin | Success T=65

User Command: Grab the red block with the left arm, switch to the right arm, and set it on the blue pad.
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Figure 13: Qualitative rollout comparisons on representative long-horizon bimanual manipulation
tasks.
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Ours | BOTTLE CLEANUP | Success

Figure 14: Bottle Cleanup: Case 1.
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Ours | BOTTLE CLEANUP | Success

Figure 15: Bottle Cleanup: Case 2.
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Ours | BOTTLE CLEANUP | Success
Figure 16: Bottle Cleanup: OOD Clutter.
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Ours | STACK & SHELVE | Success
Figure 17: Stack & Shelf: Case 1.
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Ours | STACK & SHELVE | Success
Figure 18: Stack & Shelf: Case 2.
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Ours | STACK & SHELVE | Success

Figure 19: Stack & Shelf: OOD Clutter.
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Figure 20: Veggie Centering: Case 1.
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Ours | VEGGIE CENTERING | Success

Figure 21: Veggie Centering: Case 2.
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Ours | VEGGIE CENTERING | Success

Figure 22: Veggie Centering: OOD Clutter.
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