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ABSTRACT

World models (WMs) and world-action models (WAMSs) focus on future world
prediction and executable action generation, respectively. Although these mod-
els learn shared physical dynamics and interaction semantics from embodied tra-
jectories, they are typically trained in isolation, which restricts knowledge reuse
between prediction and control. The central challenge is therefore to develop a
unified learning framework that shares these dynamics while preserving the dis-
tinct modeling capabilities required by each paradigm. We propose UniW(A)M,
a mixture-of-experts world-(action) model built upon diffusion Transformers that
unifies action-conditioned world modeling and diverse WAM variants. Shared
experts capture common dynamics, while atomic capability experts are reused
across interfaces so that each interface keeps its own conditional pathway. At
deployment, a plug-in adaptive interface router (PAIR) learns from a small sub-
set of target-task chunk scenarios to select a suitable WAM interface for each
execution chunk, balancing task success and execution efficiency while keeping
the backbone frozen. We evaluate UniW(A)M on LIBERO, RoboTwin 2.0, and
three real-world manipulation tasks, where it achieves 88.3% average real-world
success versus 76.7% for the strongest baseline. On WorldArena, it leads action-
conditioned world modeling on all three tasks. AC-WM co-training contributes
to action generation on every action interface and PAIR raises OOD success from
63.3% to 76.7%.

1 INTRODUCTION

World models (WMs) and world-action models (WAMs) offer complementary capabilities for em-
bodied intelligence: predicting how environments evolve and generating actions to interact with
them (Wang et al., 2026b). Action-conditioned world models simulate future observations given
candidate actions (Guo et al.,2025), whereas WAMs use future-world representations to support ac-
tion generation (Shen et al., [2026). WAM variants differ in how they use visual prediction, ranging
from explicit or latent future modeling (Sun et al., 2026; |Lin et al.| [2026)) to action-only inference
that omits future-video generation at deployment (Yuan et al., 2026; Ye et al.| [2026al).

Existing unified models connect world prediction and action generation through shared generative
modeling and modular architectures. Motus integrates understanding, video-generation, and action
experts (Bi et al.|[2025), while UWM couples video and action diffusion to support multiple predic-
tion modes (Zhu et al.|[2025). Worldscape-MoE extends shared dynamics learning to heterogeneous
action controls (Fang et al., 2026). Together, these approaches demonstrate the value of shared mod-
eling and modular specialization. For jointly trained video—action interfaces, the key design issue is
how to reuse shared dynamics while organizing specialized computation around the predictive roles
induced by different conditional dependencies.
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Figure 1: Overview of UniW(A)M. The model unifies AC-WM and four WAM paradigms over
shared embodied context. AC-WM predicts future video, while action execution adaptively switches
among the four WAM paradigms across successive chunks, illustrated by a cloth-folding task.

Building on this direction, we jointly train action-conditioned world modeling and multiple WAM
interfaces so that world modeling contributes to action generation and each interface keeps its own
conditional pathway. These interfaces define different conditional relationships over the same em-
bodied trajectories: future actions may be supplied as conditions or generated as outputs, and future
video and action tokens interact under different visibility patterns. Video—action masks make these
dependencies explicit within a common modeling framework.

We propose UniW(A)M, a mixture-of-experts framework that unifies action-conditioned world
modeling and four WAM interfaces within a shared diffusion Transformer. Video—action visibil-
ity masks specify each interface’s conditional dependencies. We organize the interfaces around
four reusable predictive roles, which we term atomic capabilities: action-free video prediction, di-
rect action generation, action-conditioned video prediction, and video-conditioned action genera-
tion. Shared experts model common dynamics, while atomic capability experts specialize in these
roles and can be reused across interfaces. To align expert computation with these roles, Capability-
Aligned Token Routing (CATR) assigns video and action target groups to eligible expert sets and
learns mixture weights within each set. Joint training on the same trajectory data allows the inter-
faces to reuse these components while retaining their distinct conditional pathways.

These WAM interfaces differ in their use of future-video prediction and inference cost, raising a
deployment question: which interface should be used at each execution chunk? The Plug-in Adap-
tive Interface Router (PAIR) learns this selection offline from a small subset of target-task chunk
scenarios while keeping the UniW(A)M backbone frozen. At deployment, PAIR uses the current
embodied context to select one of the four WAM interfaces for each chunk, allowing execution to
switch between fast action-generation pathways that omit future-video prediction and interfaces that
explicitly predict future video as interaction demands change.

On three real-world manipulation tasks, UniW(A)M achieves 88.3% average success versus 76.7%
for the strongest baseline, and leads action-conditioned world modeling on all three WorldArena
tasks. AC-WM co-training contributes to every action interface, including those that do not predict
future video at deployment, and CATR keeps all four interfaces effective under joint training. Under
distribution shifts, PAIR raises average success from 63.3% to 76.7% by selecting the interface for
each chunk while the backbone stays frozen.

The main contributions of this work are summarized as follows:

* We introduce UniW(A)M, a mixture-of-experts framework that unifies action-conditioned
world modeling and four WAM interfaces through video—action visibility masks. Shared
dynamics experts, atomic capability experts, and CATR enable joint training while each
interface keeps its own conditional pathway.
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* We develop PAIR for chunk-level WAM interface selection, adapting interface choice us-
ing a small subset of target-task chunk scenarios without updating the shared backbone,
raising OOD success and improving execution efficiency.

» Experiments show that co-training contributes to action generation on every action interface
and that the unified model leads action-conditioned world prediction, and that PAIR further
raises OOD success by selecting the interface per chunk with the backbone frozen.

2 RELATED WORK

Action-conditioned world models. Action-conditioned world models (AC-WMs) represent a
branch of world models (WMs) dedicated to embodied robotic planning and evaluation (Lu et al.,
2026). Built primarily upon large-scale pre-trained video generative models, they simulate future
temporal evolution conditioned on current observations and specified actions (Guo et al.| [2025; [Wu
& Gao, [2026; [Bruce et al., 2024). Unlike pure policy models, AC-WMs emphasize controllable ac-
tion dependencies and focus primarily on future world prediction rather than joint optimization with
action generation (Shen et al.| [2026; [Chen et al.| [2026; |[Shang et al., |2026). However, the general
dynamics knowledge acquired through action-conditioned world modeling is rarely transferred to
world action models, which limits overall data efficiency (Sun et al., 2026} [Tang et al. 2026} |Ye
et al.,[2026D).

World action models. World action models (WAMs) integrate future world prediction and exe-
cutable action generation within a unified learning objective, enabling action synthesis to exploit
foresight into future states. Existing WAM variants differ in their generation targets and conditional
structures (Shen et al.| 2026} |Lu et al.l |2026). Specifically, joint interfaces predict video and ac-
tions concurrently (Ye et al., 2026b), visual-to-action interfaces synthesize visual futures prior to
inferring actions (L1 et al., |2026b)), and action-centric interfaces prioritize action output during in-
ference while treating video primarily as a supervisory signal (Ye et al.| [2026a). Although these
variants rely on identical embodied trajectory data, their conditional dependencies, implemented via
attention masks (Wang et al.| 2026a} |Peng et al., [2026} |[Zhao et al.| [2026; |Luo et al., 2026), vary
considerably. Current methodologies typically train and deploy a single interface in isolation, which
prevents the specialized action-generation capabilities developed across different interfaces from
being shared and reused within a unified model (Sun et al., [2026} [Tang et al., 2026).

Unified world-action modeling. Mixture-of-Transformers (MoT) architectures, exemplified by
Motus (B1 et al.| 2025; Motubrain Team et al., |2026)), integrate understanding, video generation,
and action experts into a single framework, enabling flexible switching across multiple operational
modes through coordinated scheduling. Another line of research employs a single Transformer
backbone (Mei et al., [2026), represented by UWM and UniWM, where UWM couples video and
action diffusion via independent diffusion timesteps to facilitate flexible transitions among diverse
modes (Zhu et al., [2025)), while UniWM unifies planning and visual imagination within a multi-
modal autoregressive backbone (Dong et all 2025)). A third direction adopts Mixture-of-Experts
(MoE) architectures, such as Worldscape-MoE (Fang et al.| 20265 [Shen et al.| |2026), which cap-
tures universal world dynamics via shared experts and processes heterogeneous control signals with
condition-specific experts, thereby achieving modular disentanglement and scaling under multi-
modal action supervision. Nevertheless, the mutual reinforcement among distinct modes within
such unified frameworks to improve overall model performance remains largely unexplored (Lu
et al.,[2026; |Dong et al.| 2026).

3 METHOD

UniW(A)M jointly trains action-conditioned world modeling and four WAM interfaces on shared
embodied trajectories, so that world modeling contributes to action generation while each interface
keeps its own conditional pathway. Its design has three components. First, we formulate action-
conditioned world modeling and four WAM variants as interfaces defined by video-action visibility
masks, making their distinct conditional dependencies explicit within a unified framework. Second,
these interfaces share a diffusion Transformer backbone and are jointly trained on the same trajectory
data. Shared experts capture common dynamics, while CATR assigns each video and action token
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Table 1: Atomic capability composition and visibility characteristics of different paradigms.

Paradigm Atomic Capabilities Visibility / Role

AC-WM WM Action-conditioned world modeling
Joint-WAM VGM + IDM Mutual visibility

IDM-WAM VGM + IDM Sequential vision-to-action
Action-Centric-WAM VLA + WM Action-centric with video supervision
Action-Only-WAM VLA + VGM Action generation with auxiliary video

group to the experts of its predictive role. Third, PAIR selects one of the four WAM interfaces
for each execution chunk. With the backbone frozen, it learns this selection from a small subset
of target-task chunk scenarios, switching between fast action pathways and interfaces that predict
future video under OOD conditions.

3.1 UNIFIED MODELING OF HETEROGENEOUS VIDEO-ACTION MASK RELATIONS

An embodied trajectory comprises historical observations o<, instructions ¢, future observations
O¢41:t+k, and future actions a4 1..4. Interfaces differ in whether future actions are conditioning
inputs or prediction targets, and in which future tokens can attend to one another during denois-
ing. AC-WM predicts video conditioned on externally supplied actions; WAMs generate actions
alongside video representations.

Atomic capabilities and paradigm compositions. We define four atomic capabilities: VGM,
action-free video prediction; VLA, direct action generation; WM, action-conditioned video pre-
diction; and IDM, video-conditioned action generation. VGM and WM model the future world,
whereas VLA and IDM model future actions. These capabilities organize predictive roles within
our chosen interfaces. Each expert receives the representation admitted by that interface’s attention
mask, and the role name refers to this masked prediction.

Conditional directions of the interfaces. Table [I| summarizes how the atomic capabilities are
composed into five interfaces. Each interface specifies the role of future actions and the visibility
between future video and action tokens.

Joint-WAM combines the video-prediction role of VGM with the video-conditioned action-
prediction role of IDM, motivated by decomposing a joint video—action distribution into a video
marginal and an action conditional, as in DreamZero (Ye et al 2026b). The two modalities are
denoised jointly with bidirectional attention, allowing their evolving representations to inform one
another. IDM-WAM uses the same VGM and IDM capabilities with a sequential dependency. VGM
first predicts a visual rollout, and IDM then infers actions conditioned on that rollout. Action to-
kens can access the predicted future video, while future video tokens do not attend to future actions.
Action-Centric-WAM combines VLA and WM: VLA predicts actions without accessing future
video, while WM predicts their visual consequences as auxiliary training supervision. Action-Only-
WAM combines VLA and VGM with both directions of future cross-modal attention disabled, so
the two branches predict their respective targets from the observed context. Both interfaces omit
future-video prediction at deployment. AC-WM activates WM to predict future observations given
candidate actions. These actions are clean external conditions rather than prediction targets, so the
interface supports world simulation without generating executable actions.

The conditional probability formulations of all five interfaces are provided in Appendix [A.1] and
their training and inference visibility masks are illustrated in Appendix

3.2 ARCHITECTURE OF UNIW(A)M

As illustrated in Figure[2] UniW(A)M uses interface-specific attention masks and replaces the diffu-
sion Transformer’s dense feed-forward sublayers with mixture-of-experts modules, initialized from
the pretrained dense sublayers as described in Appendix
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Figure 2: Architecture of UniW(A)M. (a) Stage I: Unified learning. Five interfaces share a diffusion
Transformer with CATR expert routing. (b) Stage II: PAIR adaptation. With the backbone frozen,
PAIR learns interface selection from offline MAE-based supervision.

Heterogeneous Expert Activation Architecture. Shared experts participate in every interface,
while atomic experts specialize in interface-specific predictive roles. The same expert ensemble
can support different interfaces through distinct attention masks. Training and inference expert
assignments are detailed in Appendix [A.4]

Capability-Aligned Token Routing. We introduce Capability-Aligned Token Routing (CATR) to
align expert computation with the predictive roles of video and action token groups. Each target
group is assigned a prescribed set of eligible experts based on its modality and interface-specific
predictive role. A learned router produces group-level mixture weights within this set; experts out-
side the set do not contribute to the group’s output. Tokens within a group share these weights but
retain their individual expert outputs. Video target groups use VGM or WM specialists, whereas
action target groups use VLA or IDM specialists, alongside shared experts. The eligible sets and
treatment of clean conditions are detailed in Appendix[A.4] Guided by CATR, UniW(A)M is jointly
optimized through the multi-task training objective detailed in Appendix[G.2]

Inference-Time Computation and Latency. IDM-WAM generates video and actions sequen-
tially, whereas Joint-WAM denoises them jointly. Action-Centric-WAM and Action-Only-WAM
omit future-video prediction and use shared and VLA experts for action denoising. Their condition-
ing paths differ: WM is inactive in Action-Centric-WAM, while Action-Only-WAM additionally
uses VGM for the initial conditioning frame, allowing different contextual representations and ac-
tion predictions. Detailed expert assignments and cache handling are provided in Appendix [A-4]

3.3 OUT-OF-DISTRIBUTION DEPLOYMENT WITH PLUG-IN ADAPTIVE ROUTING

The UniW(A)M backbone is frozen after pretraining. To adapt interface selection to a target OOD
task without changing the backbone, we train a lightweight Plug-in Adaptive Interface Router
(PAIR) on a small subset of target-task chunk scenarios. PAIR uses a trainable classification head
to select among the four WAM interfaces at each action chunk. Let Zyyan denote these four action-
generating interfaces in Table[T} Joint-WAM, IDM-WAM, Action-Centric-WAM, and Action-Only-
WAM.
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During offline router training, each frozen WAM interface predicts actions for the same chunk sce-
nario. We compare each prediction with the ground-truth actions using mean absolute error (MAE),

then min—max normalize the four errors to obtain Agi) for interface ¢ € Zywanm. The target probabil-
ity decreases with this normalized error:

exp (—Agi)/T)
> e (-aP/r)

JE€EIwAM
Here 7 > 0 controls the target sharpness. Among interfaces whose MAE is within 1% of the
minimum, an efficiency preference selects a fast interface if available, choosing the faster one if
both qualify. The selected interface receives a one-hot target; otherwise, the MAE-based soft target

is retained. We denote the resulting target by yt(i); its construction is detailed in Appendix

g = i € Twaw, (1)

PAIR maps frozen contextual features z; to interface probabilities g4 (i | z;) with classification-head
parameters ¢. It is trained by cross-entropy against the MAE-aware target:

Lrower =— Y yi" logay(i | ), @)
1€TwaM
At deployment, PAIR chooses the interface with the highest predicted probability for each action
chunk, executes that interface’s actions, and updates the observation history before the next selec-
tion. Router features, output probabilities, and the selection rule are specified in Appendix [B.2]

Router inference cost. PAIR is invoked at chunk transitions. Its ensemble prediction takes ap-
proximately 2 ms; including shared-expert feature computation, routing averages approximately
63 ms in the benchmark described in Appendix [B.2] excluding observation and language encoding.
The appendix specifies the measurement scope and cache handling.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

To ensure fair and reproducible comparisons, we evaluate models under the same task settings and
protocols, covering future-world modeling and action generation. During unified training, we sam-
ple the five paradigms uniformly and optimize one paradigm per step. We evaluate action generation
on LIBERO 2023), RoboTwin 2.0 [2025), and three real-world tasks: cloth
folding, box folding, and tabletop cleaning (Figure [3). AC-WM’s action-conditioned video pre-

diction is evaluated with WorldArena [2026). Further details on the benchmarks and

evaluation protocols are provided in Appendix |C]

Figure 3: Real-world tasks: cloth folding, box folding, and tabletop cleaning.

Per-task success counts and 95% Wilson intervals for the real-world evaluations are reported in
Appendix [C.1]

OOD settings. We retain the same task goals and define OOD relative to backbone training: un-
seen garment colors and sizes for cloth folding, different box types for box folding, and different
cluttered backgrounds for tabletop cleaning.

4.2 OVERALL EVALUATION

The main analysis focuses on the three real-world manipulation tasks, which also form the basis
of our ablation studies. We additionally evaluate action generation on LIBERO and RoboTwin
2.0. UniW(A)M achieves 97.5% average success on LIBERO, including 99.2% on Spatial; detailed
results are provided in Appendix
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Figure 4: RoboTwin 2.0 success rates with clean-only training. (a) C2C evaluates on clean scenes;
(b) C2R evaluates on randomized scenes. Scores are averaged over 50 tasks separately for each
setting. Gray bars show official leaderboard baselines (RoboTwin Team, |2026): 7 uses single-task
fine-tuning, while the others use co-training. Blue bars show UniW(A)M.

Table 2: Success rates (%) on real-world robotic tasks under the standard evaluation configuration.
The best results within each task are shown in bold.

Folding Clothes Folding Box Tabletop Clean.

Method i - Average
(Deformable) (Contact-Rich) (Long-Horizon)
Baselines
mo.5 (Physical Intelligence et al., |2025) 60 65 70 65.0
DreamZero (Ye et al.,|2026b) 45 55 60 53.3
WorldScape Policy 2.0 (Su et al.|[2026)) 75 75 80 76.7
UniW(A)M
Joint-WAM 90 80 90 86.7
IDM-WAM 90 85 90 88.3
Action-Centric-WAM 85 75 85 81.7
Action-Only-WAM 85 70 85 80.0

RoboTwin generalization. With clean-only training, UniW(A)M achieves 84.38% success under
Clean-to-Clean (C2C) evaluation and 66.60% under Clean-to-Randomized (C2R) evaluation (Fig-
ure ). It ranks second in C2C among the compared methods and leads in C2R, exceeding the
strongest listed C2R baseline, 7 5, by 20.60 percentage points. These results demonstrate effective
generalization to randomized scenes without randomized training demonstrations. Protocol details
and numerical comparisons are provided in Appendices[C|and[E]

Results and analysis. On real-world evaluation, Table |2| reports real-world success rates over 20
trials per task. All four UniW(A)M interfaces exceed the strongest baseline in average success, with
IDM-WAM achieving 88.3% versus 76.7% for WorldScape Policy 2.0, a gain of approximately 11.7
percentage points. IDM-WAM reaches 90%, 85%, and 90% on cloth folding, box folding, and
tabletop cleaning, respectively. Qualitative visualizations of the three tasks across all four interfaces
are provided in Appendix [D.1]

On WorldArena, UniW(A)M achieves the highest aggregate EWMScore-P among the compared
methods on all three tasks (Table E[), so the unified model leads action-conditioned world model-
ing together with the action-generation results above. Complete component scores and qualitative
comparisons with Ctrl-World and Cosmos-Predict2.5 are provided in Appendices [F1] and [F2] re-
spectively.
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Table 3: Evaluation of action-driven and interaction metrics of WorldArena on three real-world
tasks. All metrics are reported on a 0—100 scale. The best and second-best results within each task
are shown in bold and underlined, respectively.

JEPA Motion Interaction  Trajectory  Instruction EWM

Model Similarity?  Smoothnesst Qualityt Accuracy?  Following?t Score-P1
Task 1: Folding Clothes (Deformable)
Cosmos-Predict 2.5 (NVIDIA et al.||2025) 21.86 60.70 64.00 7.20 56.50 48.08
CtrlWorld (Guo et al.|[2025) 17.57 78.21 63.50 18.56 51.50 53.09
UniW(A)M (Ours) 44.39 87.77 80.00 22.87 93.50 61.51
Task 2: Folding Box (Contact-Rich)
Cosmos-Predict 2.5 (NVIDIA et al..[2025) 40.27 52.47 76.50 1091 95.00 51.07
CtrlWorld (Guo et al.|[2025) 63.81 66.56 64.50 14.73 78.00 55.48
UniW(A)M (Ours) 65.41 68.69 70.50 17.28 84.00 55.89
Task 3: Tabletop Clean. (Long-Horizon)
Cosmos-Predict 2.5 (NVIDIA et al..[2025) 4.63 48.49 54.00 2.88 41.00 31.75
CtrlWorld (Guo et al.|[2025) 33.76 57.93 60.00 5.94 59.00 50.23
UniW(A)M (Ours) 50.30 63.10 66.50 7.26 68.50 52.53

Table 4: OOD success rates (%) for UniW(A)M interface adaptation on real-world tasks. The best
results within each task are shown in bold.
Folding Clothes Folding Box Tabletop Clean.

Interface ] i Average
(Deformable) (Contact-Rich) (Long-Horizon)
Standalone Interfaces
Joint-WAM 65 55 70 63.3
IDM-WAM 65 50 75 63.3
Action-Centric-WAM 50 40 55 48.3
Action-Only-WAM 50 45 55 50.0
PAIR 75 70 85 76.7

4.3  ANALYSIS OF OUT-OF-DISTRIBUTION SCENARIOS

PAIR raises average OOD success from 63.3% with the strongest standalone interface to 76.7%
(Table[)), using routing-only adaptation with the UniW(A)M backbone frozen and 2,000 target-task
chunk scenarios per task (Appendix [B.T).

Across Reach (approach), Contact (contact-based manipulation), and Core (fine manipulation),
PAIR selects Action-Centric-WAM and Action-Only-WAM during approach, and Joint-WAM and
IDM-WAM more often during contact and fine manipulation. Detailed selection distributions and
critical-operation case studies are provided in Appendices[B.3]and respectively.

4.4 PARETO ANALYSIS OF SUCCESS RATE AND INFERENCE LATENCY

We measure the trade-off between task execution capability and inference cost for each interface.
Figure [5[b) reports full action-chunk inference time divided by the configured step count of 16:
Action-Centric-WAM and Action-Only-WAM require 154.3 ms and 225.8 ms, respectively, whereas
Joint-WAM and IDM-WAM require 428.1 ms and 532.7 ms. Appendix [C] specifies the timing met-
rics. As shown in Figure [5[a), UniW(A)M + PAIR achieves a 76.7% success rate with an average
completion time of 308.9 s over successful trials, placing it on the upper-left Pareto frontier of the
four static interfaces. By routing to the fast action pathways during standard transfer motions and
dynamically invoking foresight-capable joint pathways during contact-rich phases, the method com-
bines the execution efficiency of action-centric interfaces with the foresight of video-conditioned
interfaces.

4.5 ABLATION STUDIES

Per-task results for the architecture, routing, and training-paradigm ablations are provided in Ap-
pendix [G|
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Figure 5: Inference efficiency and task-level Pareto analysis of UniW(A)M. (a) Task success rate
versus average completion time over successful real-robot trials, where UniW(A)M + PAIR occu-
pies the upper-left Pareto frontier. (b) Full chunk inference time divided by the configured step
count of 16 across the four standalone WAM interfaces; IDM-WAM uses 16 steps per stage (Ap-
pendix[C). Chunk-boundary routing is excluded from these bars: ensemble prediction takes approx-
imately 2 ms, while routing including shared-expert feature computation averages approximately
63 ms under the measurement scope in Appendix [B.2

Contribution of AC-WM co-training. Removing AC-WM from mixed training reduces success
across all four WAM interfaces on all three tasks. Average success decreases by 15.0 percentage
points for both Joint-WAM and IDM-WAM, and by 31.7 and 43.3 points for Action-Centric-WAM
and Action-Only-WAM, respectively. The larger drops on Action-Centric-WAM and Action-Only-
WAM show that AC-WM co-training contributes to action generation even on interfaces that do not
predict future video at deployment. Detailed results are provided in Appendix[G.4]

Architecture and training configuration. We compare a single dense DiT initialized from
Wan2.1-12V-14B (Team Wan et al.} 2025) with joint UniW(A)M training under the same training
steps, learning-rate settings, and data volume; the detailed results are reported in Appendix[G.4] All
four interfaces of the jointly trained UniW(A)M substantially outperform the baseline, whose best
success rate is only 16.7%, whereas UniW(A)M achieves 88.3%.

CATR and sample-level routing. The two MoE configurations have identical expert counts, net-
work structures, and parameter counts. They differ in routing organization: sample-level routing
applies the active expert ensemble to the entire sample, whereas CATR assigns eligible expert sets
and learned mixture weights to modality- and role-specific token groups. This restricts specialist
FFN computation to the relevant groups while retaining shared attention and shared experts. As
shown in Appendix[G.4} sample-level routing produces uneven performance: Joint-WAM and IDM-
WAM achieve 51.7% and 60.0% average success, respectively, whereas both Action-Centric-WAM
and Action-Only-WAM achieve only 10.0%. With expert count and parameter count held fixed,
CATR improves all four interfaces and raises Action-Centric-WAM and Action-Only-WAM from
10.0% to 81.7% and 80.0%, so joint training delivers all four interfaces.

5 CONCLUSION

UniW(A)M unifies action-conditioned world modeling and four WAM interfaces through video—
action masks and capability-aligned expert routing. Experiments demonstrate action generation
and future-world prediction within a shared backbone. Ablations show that AC-WM co-training
improves all four WAM interfaces across three real-world tasks, while CATR improves action gen-
eration relative to sample-level routing. PAIR further improves OOD execution through chunk-level
interface selection with the backbone frozen. Together, these results support joint learning and adap-
tive deployment of complementary world and action modeling capabilities.
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A VIDEO-ACTION INTERFACES AND EXPERT ROUTING

A.1 CONDITIONAL FORMULATIONS OF THE FIVE INTERFACES

We formalize the five interfaces in the same order as Section[3.1} Here o, is the current observation,
o< denotes the observation history, £ is the language instruction, and 044 1.¢+% and as41.¢+ are the

future visual rollout and action sequence. Let Ct(p ) denote the observed context available to interface
p, including its visible observation history, language instruction, and robot-state inputs where used;
AC-WM omits state tokens. We write C for this interface-specific context below. Future video
and action targets are kept explicit. The factors express modeled conditional relationships, while
attention masks and denoising schedules specify their realization.

Joint-WAM. The joint distribution over the two future modalities can be written as a video marginal
and an action conditional, corresponding to the VGM and IDM capabilities:

P(Ot41:t4+k> Gt 14k | Ct) = pvem(0t41:44k | Co)PDM(Ctg1:04% | Ct, Ot 1:04k)- 3)

This factorization is a probabilistic decomposition, not a prescription for sequential sampling. The
factor labels indicate predictive roles rather than distributions independently parameterized by indi-
vidual FEN experts. Joint-WAM realizes the joint prediction with mutual visibility between future
video and action tokens during denoising; thus, video-token representations can incorporate infor-
mation from the evolving action tokens despite the VGM role name.

IDM-WAM. The visual factor is conditioned on the available observed context. Its predicted rollout
subsequently supplies the visual condition for the inverse-dynamics factor:

P(0t+1:t+k, Qt41:t+k | Ct) = pVGM(0t+1:t+k ‘ Ct)pIDM(at+1:t+k | Cy, 0t+1:t+k)- €]

Here the order of the two factors also follows the generation procedure: the video rollout is obtained
before the corresponding actions are inferred. The one-way attention mask prevents the video branch
from depending on future action tokens.

Action-Centric-WAM. The VLA factor defines the action distribution from the available observed
context, and the WM factor models future observations conditioned on those actions:

p(0t+1:t+k7at+1:t+k | Ct) = pVLA(at+1:t+k | Ct)pWM(Ot+1:t+k | Ctaat+1:t+k:)~ (5)

The second factor adds an action-conditioned video objective during training. At inference, only the
action distribution is sampled; no future video is generated, so WM is inactive.

Action-Only-WAM. With future cross-modal dependencies removed, the action and video factors
share the observed context but do not condition on one another’s future outputs:

p(0t+1:t+kaat+1:t+k | Ct) :pVLA(at+1:t+k | Ct)pVGM(0t+1:t+k | Ct)- (6)

The VGM factor contributes auxiliary video supervision during training. At deployment, VGM
remains active for the initial conditioning frame, while shared and VLA experts predict future action
tokens without generating future video. This product form expresses the conditional independence
imposed between the two future modalities.

AC-WM. The future action sequence appears entirely in the conditioning variables. The WM capa-
bility therefore defines a distribution over future observations only:

p(0t+1:t+k | Ct, at+1;t+k) = pWM(0t+1:t+k | Ctaat+1:t+k)- @)

Unlike the four WAM interfaces, this conditional contains no action-generation factor. The supplied
action sequence remains fixed while the model predicts its visual consequences.

A.2 TRAINING AND INFERENCE VISIBILITY MASKS

Figures[6HI0]visualize the attention dependencies of the five interfaces during training and inference.
Rows denote query tokens and columns denote key tokens: a filled cell allows the row token to
attend to the column token, whereas a white cell blocks that connection. Blue and yellow indicate
video-query and action-query rows, respectively. Here f; denotes the observed visual context, f;
and fj represent future video tokens, and a; and aj, represent future action tokens. Other shared
conditioning inputs are omitted for clarity.
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The masks specify visibility rather than the denoising schedule. In particular, IDM-WAM uses se-
quential video-then-action inference despite retaining the same dependency pattern. AC-WM treats
actions as fixed inputs; its diagrams therefore retain action columns but omit action-query rows.
Their expansion into training windows and teacher-forcing copies is described in Appendix [A.3]
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« 00080 « 00080
« 00000 - 30000
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« 00000 = 00000
= 00000 = 00000

Figure 6: Joint-WAM visibility masks. Future video and action tokens attend to both modalities,
coupling their predictions during joint denoising. Training and inference use the same bidirectional
visibility pattern.
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Figure 7: IDM-WAM visibility masks. Action queries can access future video, while video queries
cannot access future actions. At inference, video is generated first and then held fixed as the condi-
tion for action generation.
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Figure 8: Action-Centric-WAM visibility masks. During training, future video queries access ac-
tions, but action queries cannot access future video. At deployment, future video tokens are omitted
and WM is inactive, while observed-context tokens remain available to action generation.

N Raas Y
«~ @A0LL = JOO

« @A - 000
= JUUOO
- 0UUOO

Figure 9: Action-Only-WAM visibility masks. Neither future modality attends to the other during
training, although both access the observed context. Inference retains only the context and action
tokens, omitting auxiliary video prediction.

Training Inference
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Figure 10: AC-WM visibility masks. Future video queries attend to the supplied action sequence
during both training and inference. Actions remain clean conditioning inputs, so the interface pre-
dicts video without generating actions.

A.3 TRAJECTORY ORGANIZATION AND TEACHER FORCING
The unified training configuration draws all five interfaces from the same trajectory-window format:
33 RGB frames, 96 action vectors, four robot states, and a language instruction. Video encoding

produces nine temporal latent frames, comprising an initial condition and four successive blocks
of two future latent frames. Each block is aligned with 24 actions and one state. The language
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Table 5: Training trajectory organization. All rows use the same four-block trajectory window. The
initial video frame is conditioning only and excluded from video loss. Clean copies serve teacher
forcing rather than additional supervision.

Interface Conditioning copies and inputs Denoising targets

Joint-WAM Clean video history, current state, and Future video and actions, with joint
language current-block visibility

IDM-WAM Video and action conditioning copies, Future video and actions, ordered video

Action-Centric-WAM
Action-Only-WAM

AC-WM

states, and language under interleaved
teacher forcing

Clean video history, current state, and
language

Clean video history, current state, and
language

Clean video history, supplied clean ac-

before action

Future video and actions; video addition-
ally reads current noisy actions

Future video and actions without current-
block cross-modal attention

Future video only

tions, and language

instruction enters through cross-attention. AC-WM uses the aligned video and action data but does
not include state tokens in its Transformer input.

Table [5] distinguishes conditioning copies from prediction targets. Clean video copies provide ob-
served history for teacher forcing; they are not additional prediction targets. For Joint-WAM and the
full-window Action-Centric-WAM, Action-Only-WAM, and AC-WM paths, a target block accesses
the clean video prefix preceding that block, together with the current-block inputs permitted by its
interface mask. This prevents the clean copy of the target future video from becoming a direct input
to its own prediction. IDM-WAM instead follows an interleaved video-then-action ordering: the
current video condition precedes the action target, allowing action denoising to use that video while
preventing the reverse dependence. Its video-condition augmentation is described in Appendix [G.2]

The visibility diagrams in Appendix summarize modality-level dependencies. The implemen-
tation expands these dependencies over temporal blocks and separate conditioning/target copies,
allowing teacher-forced blocks to be processed in parallel without changing the prescribed informa-
tion flow.

A.4 CAPABILITY-ALIGNED TOKEN ROUTING

Figure [TT] summarizes the expert groups used by each interface in the two execution settings. The
shared component is retained throughout, whereas the active atomic groups depend on which modal-
ities are predicted and what they condition on. At inference, Action-Centric-WAM uses shared and
VLA experts; WM is inactive because no future video is generated. Action-Only-WAM additionally
retains VGM to process the initial conditioning-frame tokens, while future action tokens use shared
and VLA experts. Its separate conditioning-frame expert path is retained even when future-video
prediction is removed. This design preserves specialized visual conditioning within the interface’s
separation of future video and action targets; information leakage from future targets is prevented by
the visibility mask, not by expert activation alone. The grey dashed WM circle denotes deactivation,
whereas the coloured dashed VGM circle denotes retained conditioning-frame processing without
future-video generation.

16



Under review as a conference paper at ICLR 2027

Inference [ Training stage ] [ Inference stage ]
Bz Shared VGM VLA WM  IDM Shared VGM VLA WM  IDM
Joint-WAM —@ — ' —@ —
| IDM-WAM —@ — . @ —
Action-Centric-WAM @) o O
Action-Only-WAM O O O
AC-WM —@ - @ —

Figure 11: Expert activation across five video-action interfaces. Shared experts are active for every
interface, while atomic experts specialize according to the conditional pathway. In Action-Centric-
WAM, the grey dashed WM circle indicates that the expert is inactive when future-video prediction
is omitted. In Action-Only-WAM, the coloured dashed VGM circle indicates that the expert remains
active for the initial conditioning frame, without predicting future video. For these two interfaces,
future action tokens are processed only by shared and VLA experts.

Allowed experts and learned mixture weights. CATR combines a prescribed expert eligibility
set with learned mixing weights. Each MoE feed-forward sublayer contains one shared expert and
four atomic experts, VGM, VLA, WM, and IDM. Table [6] gives the eligible experts for future pre-
diction tokens. In the teacher-forced layout, clean history copies and state tokens use the shared
expert alone; clean action conditions in AC-WM also use only the shared expert. These clean his-
tory copies are distinct from the initial conditioning-frame (seed) group: Action-Only-WAM routes
that group through shared and VGM experts during both training and inference, whereas Action-
Centric-WAM uses shared alone. In cached inference, clean history is written through shared alone;
VGM participates in the Action-Only-WAM seed pass, and subsequent action queries use shared
and VLA experts while reading the cached context. Thus, VGM does not process every historical
frame, and WM is not introduced into the Action-Centric-WAM inference path. The table concerns
future target groups rather than conditioning-frame or clean-history copies.

Table 6: Eligible experts for future target groups during training. Weights are learned within each
listed set; experts outside the set do not contribute to that group’s output.

Interface Future video targets  Action targets
Joint-WAM / IDM-WAM  Shared + VGM Shared + IDM
Action-Centric-WAM Shared + WM Shared + VLA
Action-Only-WAM Shared + VGM Shared + VLA
AC-WM Shared + WM None (clean conditions)

For a routed token group g (a prediction-target or conditioning group), let &, be its eligible expert
set and R, the token indices pooled for routing. At a given Transformer layer, the router operates
on hidden states h; after attention:

) : eXP((Wrﬁg)g/T)
hg = IR, Z hj, Qg,e = Ze’e&; exp((Wrhg)er /T)’
I jeR, 0, e ¢ &

ee€é&y, ®)

Here, W, is the learned router matrix and 7 is its temperature. For each token j in group g, the
feed-forward output is

MoE(h;) = Y agefe(hy), )

e€ly

where f, is expert e. Thus, tokens within a group share mixture weights but retain their individual
expert outputs. Shared-only groups have a fixed weight of one and need no learned mixture.
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Table 7: Expert sets and mixing rules for conditioning and action groups in the two action-only
inference pathways. Shared-only groups have fixed weight one; learned mixtures use Equations [§]
and[9]

Token group Action-Centric Action-Only  Mixing

Clean history copies Shared Shared Fixed

Initial conditioning frame (seed) Shared Shared + VGM Fixed / learned
Future action targets Shared + VLA Shared + VLA  Learned

State tokens Shared Shared Fixed

For the Action-Only-WAM seed group, R, contains that group’s frame-token indices: their post-
attention hidden states are mean-pooled, projected by W,., and normalized over shared and VGM
experts. The resulting weights are shared within the group, while each token retains its own expert
output. Action-Centric-WAM uses only shared for this group. In the cached action-query pass,
action-group weights are similarly obtained by pooling the current action tokens, whose hidden
states already incorporate the permitted cached context.

Caching and interface changes. Clean-history and seed passes store attention keys and values in
the interface’s KV cache for subsequent action queries; the expert-mixture weights are computed
for each routed group rather than reused as cache entries. In the real-robot PAIR server, an interface
change clears the model’s runtime caches and resets window tracking. The newly selected interface
is seeded from the latest frame of the current observation, rebuilding its cache through its own
computation path; KV entries from the previous interface are not transferred. If the interface remains
unchanged, normal within-interface caching continues, subject to its window resets.

Pooling scope and interface selection. Joint-WAM pools the current block’s video, action, and
state representations, then applies separate eligibility masks for video and action groups. IDM-WAM
pools each video or action target group separately. The full-window Action-Centric-WAM, Action-
Only-WAM, and AC-WM paths likewise pool each predicted modality within its block. These
representations already incorporate the context allowed by attention; the router does not pool the
entire trajectory indiscriminately. CATR therefore specifies expert computation inside the selected
interface, whereas PAIR selects the action-generating interface at deployment. The two routing
mechanisms operate at different levels.

B PAIR: TRAINING AND DEPLOYMENT

B.1 MAE-BASED TRAINING TARGETS

The OOD adaptation datasets comprise human-collected demonstrations of the same three real-
world tasks: Folding Clothes, Folding Box, and Tabletop Cleaning. Each episode records camera
observations and the corresponding robot actions throughout task execution. These demonstrations
are separate from the data used to train the backbone: the task goals are shared, but the object
instances and scene conditions differ, including lighting and object appearance such as color. Task-
specific shifts include garment colors and sizes, box types, and cluttered backgrounds, as defined in
Section 411

For each target task, we randomly select 500 episodes from its OOD dataset and construct candidate
chunk scenarios using a sliding window of 24 consecutive action steps with stride one action step,
aligned with the execution chunk length. We then randomly sample 2,000 chunk scenarios from
this candidate pool. Each scenario is evaluated by all four frozen WAM interfaces, producing 8,000
interface-specific action predictions per task. The reference action chunk is the recorded action
sequence from the corresponding window in the OOD dataset, not an action sequence generated by
any of the four interfaces. We compare all four predictions with this same reference to obtain four
MAEs and identify the lowest-error interface for each scenario. These errors provide the routing
supervision, with soft targets and the near-best efficiency preference defined below. Thus, each
task contributes 2,000 labeled chunk scenarios, not 8,000 independent training windows; all four
interfaces are evaluated on every scenario rather than sampled as separate data sources. Using this
24-step, stride-one counting convention, sliding-window construction across the three task datasets
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yields up to 21,867,390 candidate windows in total. These overlapping windows are candidate
chunk scenarios, not independent demonstrations. The 6,000 selected scenarios across the three
tasks constitute approximately 0.0274% of this candidate pool (less than one thousandth). This
fraction measures window sampling, not a reduction in episode acquisition requirements. PAIR
is trained offline with the UniW(A)M backbone frozen. Final OOD success rates are measured
in new physical robot trials rather than on windows held out from these episodes; the deployment
environments do not exactly reproduce the dataset configurations, as detailed in Appendix [C]

For an action chunk of k steps, the frozen backbone generates candidate action sequences dgl:t Tk
for the four WAM interfaces:

Twam = {Joint-WAM, IDM-WAM, Action-Centric-WAM, Action-Only-WAM} . (10)
Given the ground-truth sequence aj, ; ., . the action error for each interface is

i 1 NG .
= 5 S

where d,, is the action dimensionality. We normalize errors within each chunk scenario:

, t € IwaM, (11)

i . (G
, L"l(\/I)AE By Tl ‘CI\gI)AE
AW = a , (12)
()
ma; ma; £ — min £Y ,€
X{]EIW?A(M MAE e Twam MAE }

where ¢ = 10712 prevents division by zero. Equation I maps these normalized errors to the soft

target y,S ) Let e75 El(\f[ Ap and ef = min, eg ") We define the near-best candidate set by
Nt:{iezWAM;eg” _ et S(Sef}7 5 =001 (13)

For a positive minimum error, this includes every interface whose MAE is within 1% of the min-
imum. If e = 0, only zero-error interfaces qualify, avoiding division by zero. Let JF contain
Action-Centric-WAM and Action-Only-WAM. If A; N F is nonempty, we select its lowest-latency
member £25* and assign a one-hot training target:

. 14i = ,L'fast

ygz) _ ~({z) t }7 -/\/fmff@v (14)
g, NN F =0.

When both fast interfaces qualify, Action-Centric-WAM is selected according to the measured la-

tency ordering in Section [#.4] This preference is restricted to near-best candidates and does not

assign probability to an ineligible fast interface. The rule constructs offline training labels; deploy-

ment uses the learned router without ground-truth actions or online MAE comparisons.

B.2 ROUTER INPUTS AND CHUNK-LEVEL SELECTION

PAIR uses contextual features from the frozen UniW(A)M backbone:
2 = \Ilg (F‘tvideo7 FtCLIP, Ftstate,Fttext’ Ct) , (15)

where the four feature inputs are video, CLIP-derived semantic, robot-state, and language features,
respectively, ¢; is a one-hot encoding of the chunk position within the current window, and 6 denotes
the frozen backbone parameters. To obtain the video features, the current visible observation prefix
is encoded and passed through all frozen DiT blocks with only the shared FFN expert enabled; the
resulting video tokens are mean-pooled. This feature-extraction pass is independent of the interface
to be selected and does not populate that interface’s KV cache. Its pooled video representation is
combined with the CLIP, state, language, and chunk-position features for routing. PAIR uses eight
independently trained classification heads. Their softmax probabilities are averaged to obtain

8
45 (i | 2t) Z softmax; (g4, (2t)) , i € TwaM, (16)

m=1
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where ¢ = {¢,,}5,_; and each head is trained with the loss in Equation 2| The PAIR results in
Table 4 and Figure[5use this same eight-head ensemble. At deployment, PAIR selects

iy = argmax ¢y (i | 2¢). (17)

1€TwAM

The selected WAM interface generates the next action chunk. After its execution, the observation
history is updated before PAIR selects an interface for the next chunk. As detailed in Appendix [A.4]
an interface change clears runtime caches and resets window tracking; the latest observed frame then
seeds the selected interface’s own cache. When the interface is unchanged, normal within-interface
caching continues.

Router timing. The eight heads are evaluated in parallel; their combined prediction and probabil-
ity aggregation take approximately 2 ms in a separate measurement. To account for shared-expert
feature computation and the remaining routing operations, we benchmark the first chunk of each
window on a single NVIDIA H20 using checkpoint-150000 and an ensemble of eight router heads.
After one warm-up window, we average five windows using synthetic 640x480 camera inputs and
CUDA synchronization at each timing boundary. Subtracting the separately timed observation and
language encoding stage from the complete observation-to-selection call gives 62.7 ms on average,
rounded to 63 ms. This accounting includes input preparation, shared-expert feature computation,
classification, and interface selection, but excludes observation and language encoding, subsequent
action generation, cache reconstruction, and multi-GPU control communication. It characterizes the
first-chunk setting rather than an average over chunk positions. The synthetic inputs are used to
measure computation time, not routing accuracy.

B.3 INTERFACE SELECTION ACROSS EXECUTION PHASES

Figure [I2]reports phase-conditioned interface selection across the three real-world tasks. We divide
execution into Reach, involving motion for approaching the target; Contact, involving contact-based
manipulation; and Core, involving fine-grained manipulation, and measure each interface’s selection
frequency within each phase. During Reach, Action-Only-WAM and Action-Centric-WAM together
account for 60%—75% of selections, favoring fast action pathways for low-interaction motions. Dur-
ing Contact, the combined share of Joint-WAM and IDM-WAM rises to approximately 60%—-70%,
consistent with a preference for video-conditioned geometric guidance. During Core, these two in-
terfaces account for 70%—-90% of selections, indicating greater use of visual foresight during fine
manipulation and complex physical interactions. This phase-dependent pattern is consistent with
balancing fast action execution and foresight-rich control as interaction demands change, and offers
an interpretation of the OOD gains reported in the main text. Examples of critical manipulation
steps are discussed in Appendix [D.2}

Folding Clothes Folding Box Tabletop Cleaning
100 7 — h e
n
v
e
3
5 50_ ] . I ] .
°
: [
9]
8 | ]
[V}
0_ - -
Reach  Contact Core Reach  Contact Core Reach Contact Core
W joint-WAM  mmm IDM-WAM Action-Centric-WAM  mmm Action-Only-WAM

Figure 12: Phase-conditioned PAIR interface selection across three real-world tasks. Each panel
reports 100%-stacked proportions for the Reach, Contact, and Core stages, revealing how the router
shifts between fast action pathways and video-aware WAMs as interaction demands change.
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C BENCHMARKS AND EVALUATION PROTOCOLS

We describe the benchmarks and evaluation protocols summarized in Section f.1] LIBERO,
RoboTwin 2.0, and the real-world tasks evaluate action generation, while WorldArena evaluates
action-conditioned future-world prediction.

LIBERO. The benchmark comprises four official suites, including LIBERO-Spatial, LIBERO-
Object, LIBERO-Goal, and LIBERO-Long, each containing 10 tasks with 50 demonstrations per
task. We follow the standard public benchmarking protocol for training configurations and evalua-
tion trial counts. We report task success rates for each suite alongside the overall average.

RoboTwin 2.0. RoboTwin 2.0 evaluates dual-arm manipulation across 50 tasks. Following the
official benchmark setting (RoboTwin Team, 2026), we jointly train a single policy on 50 clean
demonstrations per task (2,500 demonstrations in total). We evaluate the same policy for 100 trials
per task under clean (Clean-to-Clean, C2C) and randomized (Clean-to-Randomized, C2R) condi-
tions, reporting the mean success rate across the 50 tasks separately for each setting. Baselines
come from the official leaderboard snapshot updated on September 24, 2026. The 7 entry uses a
separately fine-tuned checkpoint per task; the other listed baselines use co-training, which jointly
trains one policy across all tasks.

Real-World Evaluation. Real-robot experiments are conducted on an AgileX dual-arm platform
across three representative manipulation tasks: Folding Clothes, Folding Box, and Tabletop Clean-
ing. Each task is evaluated over 20 trials. All main comparisons and ablation studies share these
three tasks, with task success rate serving as the primary evaluation metric. For PAIR, offline adapta-
tion uses recorded OOD dataset episodes as described in Appendix whereas final OOD evalua-
tion consists of separately conducted real-robot deployments under environment configurations that
do not exactly match those in the dataset. This evaluates transfer from offline target-domain data to
physical execution; it is not a random window-level train/test split of the same recorded episodes.

Efficiency metrics. All interfaces use a configured denoising step count of 16. Joint-WAM jointly
denoises video and actions for 16 steps, while Action-Centric-WAM and Action-Only-WAM each
denoise actions for 16 steps. IDM-WAM performs 16 video-denoising steps followed by 16 action-
denoising steps. CFG is set to 5 for Joint-WAM and for IDM-WAM'’s video stage; IDM-WAM’s
action stage uses no CFG, and both fast interfaces use a guidance scale of 1. The standalone interface
latency in Figure [5(b) is the elapsed time for a complete action-chunk inference call divided by the
configured step count of 16. For IDM-WAM, this denominator is 16 rather than the 32 iterations
summed across its two stages. Multiplying each reported normalized latency by 16 recovers the
corresponding full chunk inference time. Initial conditioning and cache construction performed
within that call are included and amortized over the steps; the metric is not a direct measurement of
a steady-state denoising iteration. PAIR routing is timed separately as described in Appendix
The task-level completion time in Figure [5[a) is averaged over successful trials only. Failed and
timed-out trials are excluded from this time average but remain in the success-rate denominator.

WorldArena. To evaluate future world prediction, UniW(A)M operates as an action-conditioned
world model following the standard WorldArena evaluation protocol. We report metrics across
visual quality, motion quality, content consistency, physical adherence, 3D accuracy, and controlla-
bility, comparing against established action-conditioned video prediction baselines under the same
benchmark protocol. This evaluation verifies whether unified multi-task training preserves action-
conditioned world modeling capabilities.

C.1 UNCERTAINTY IN REAL-WORLD SUCCESS RATES

We report per-task success counts and two-sided 95% Wilson score intervals without continuity
correction (Wilson, |1927) for the existing real-robot evaluations. Each method—task setting consists
of n = 20 trials, so the reported task success rate determines the integer count k. These calculations
summarize the existing trials and do not introduce additional robot evaluations. With p = k/n and
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z = 1.959964, the interval is

p+2%/(2n) £ 2/p(1 - p)/n + 2?/(4n?)
1+ 22/n

. (18)

The calculation assumes approximately independent Bernoulli outcomes with a common success
probability within each method—task setting. The intervals quantify finite-trial uncertainty condi-
tional on the evaluated model and task setting; they do not capture variation across training runs.
We report marginal intervals for individual task success rates, not simultaneous confidence bounds
or tests of differences between methods. We do not pool the three tasks as 60 trials with a com-
mon success probability or assign intervals to cross-task averages without the corresponding trial
structure.

Table[8]supplements the standard and OOD evaluations in Tables [2]and[4] Table[Q]covers the dense,
sample-level routing, and four-WAM-only ablations in Table[I3} the full five-paradigm CATR results
reuse the standard UniW(A)M rows in Table @ One additional success changes a task’s observed
rate by five percentage points, so small differences in point estimates should not be interpreted as
stable performance rankings.

Table 8: Per-task uncertainty for standard and OOD real-world evaluations. Each entry gives suc-
cesses out of 20 trials, followed by the 95% Wilson interval in percent. Standard and OOD rows
correspond to separate evaluation settings.

Method / interface

Folding Clothes Folding Box Tabletop Cleaning

Standard evaluation: baselines
7.5 (Physical Intelligence et al.|2025)  12/20; [38.7,78.1] 13/20; [43.3, 81.9]
DreamZero (Ye et al.;[2026b) 9/20; [25.8,65.8]  11/20; [34.2,74.2]
WorldScape Policy 2.0 (Su et al.}[2026)  15/20; [53.1, 88.8]  15/20; [53.1, 88.8]

14/20; [48.1, 85.5]
12/20; [38.7, 78.1]
16/20; [58.4, 91.9]

Standard evaluation: UniW(A)M with CATR
18/20; [69.9,97.2] 16/20; [58.4,91.9]
18/20; [69.9,97.2]  17/20; [64.0, 94.8]
17/20; [64.0,94.8]  15/20; [53.1, 88.8]
17/20; [64.0,94.8]  14/20; [48.1, 85.5]

Joint-WAM
IDM-WAM
Action-Centric-WAM
Action-Only-WAM

18/20; [69.9, 97.2]
18/20; [69.9, 97.2]
17/20; [64.0, 94.8]
17/20; [64.0, 94.8]

OOD evaluation
13/20; [43.3, 81.9]
13/20; [43.3, 81.9]
10/20; [29.9, 70.1]
10/20; [29.9, 70.1]
15/20; [53.1, 88.8]

Joint-WAM
IDM-WAM
Action-Centric-WAM
Action-Only-WAM
UniW(A)M + PAIR

117205 [34.2, 74.2]
107205 [29.9, 70.1]
8/20; [21.9, 61.3]
91205 [25.8, 65.8]
14/20; [48.1, 85.5]

14/20; [48.1, 85.5]
15/20; [53.1, 88.8]
11/20; [34.2, 74.2]
117205 [34.2,74.2]
17/20; [64.0, 94.8]

Table 9: Per-task uncertainty for the dense, sample-level routing, and four-WAM-only ablations.
Entries give successes out of 20 trials and 95% Wilson intervals in percent. Counts and intervals for
the full five-paradigm CATR model appear in the standard UniW(A)M block of Table([§]

Method / interface Folding Clothes Folding Box Tabletop Cleaning
Single DiT (Dense)

Joint-WAM 2/20; [2.8, 30.1] 2/20; 2.8, 30.1] 4/20; [8.1, 41.6]

IDM-WAM 4/20; [8.1, 41.6] 0/20; [0.0, 16.1] 6/20; [14.5,51.9]

Action-Centric-WAM  0/20; [0.0, 16.1] 0/20; [0.0, 16.1] 2/205 [2.8, 30.1]

Action-Only-WAM

0/20; [0.0, 16.1]

0/20; [0.0, 16.1]

1/20; [0.9, 23.6]

Joint-WAM
IDM-WAM
Action-Centric-WAM
Action-Only-WAM

MOoE with Sample-Level Routing

10/20; [29.9, 70.1]
16/20; [58.4, 91.9]

2/20; [2.8, 30.1]
2/20; [2.8, 30.1]

97205 [25.8, 65.8]
6/20; [14.5, 51.9]

0/20; [0.0, 16.1]
0/20; [0.0, 16.1]

127205 [38.7, 78.1]
14/20; [48.1, 85.5]
4/20; [8.1, 41.6]
4/205 [8.1, 41.6]

UniW(A)M with CATR: Four WAMs Only (w/o AC-WM)

Joint-WAM
IDM-WAM
Action-Centric-WAM
Action-Only-WAM

15/20; [53.1, 88.8]
16/20; [58.4, 91.9]
11/20; [34.2, 74.2]
10/20; [29.9, 70.1]

12/20; [38.7,78.1]
12/20; [38.7,78.1]
6/20; [14.5,51.9]

2/20; [2.8, 30.1]

16/20; [58.4, 91.9]
16/20; [58.4, 91.9]
13/20; [43.3, 81.9]
10/20; [29.9, 70.1]
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D REAL-WORLD TASK VISUALIZATIONS

D.1 TASK SEQUENCES ACROSS WAM INTERFACES

Figures[I3HI5]present recorded sequences for the three real-world tasks evaluated in Section[d.2] or-
ganized by Joint-WAM, IDM-WAM, Action-Centric-WAM, and Action-Only-WAM. Each interface
group contains ten selected frames, read from left to right across the first row and then the second.
Each frame combines the head-camera view above the two wrist-camera views, showing both the
overall scene and local object interactions.

Folding Clothes
Joint-WAM
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Figure 13: Real-world visualizations of Folding Clothes for the four WAM interfaces. The se-
quences illustrate garment grasping, repositioning, and folding through successive stages of manip-
ulation.
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Figure 14: Real-world visualizations of Folding Box for the four WAM interfaces. Selected frames
show the progression from a flat cardboard box to folding its walls and manipulating its flaps.
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Tabletop Cleaning
Joint-WAM

IDM-WAM

Figure 15: Real-world visualizations of Tabletop Cleaning for the four WAM interfaces. The se-
quences show object pickup, transfer, and placement into a collection basket, with complementary
views of reaching and grasping.

D.2 CASE STUDY: ROUTING AT CRITICAL MANIPULATION STEPS

Figure [I6]illustrates why combining interfaces can benefit real-world task execution. A fixed inter-
face may handle most of a trajectory well yet fail at a critical action. PAIR instead selects an interface
for each execution chunk, aiming to exploit the different manipulation capabilities learned by the
four interfaces. This allows the choice of action pathway to change with the current interaction,
rather than relying on one interface throughout the task.

Folding Clothes. Small execution errors can disrupt the entire folding sequence. From left to
right, the five examples show failures to release the garment during the first, second, and final folding
stages; a failed pull-back motion because the gripper does not contact the garment; and lifting the
garment again to restart folding after a wrinkled intermediate result. The last behavior constitutes a
renewed attempt rather than direct progress toward completion.

Folding Box. The examples highlight failures to push the left or right side flap into the intended
position and complete the corresponding fold. Accurate contact placement and coordinated pushing
are essential at these steps.
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Tabletop Cleaning. The three cases show an inaccurate grasp, an object slipping during transfer
because the grasp is insecure, and a failure to place the object inside the collection basket.

Across these observed critical operations, Joint-WAM and IDM-WAM handle fine manipulation
more reliably and are usually selected by PAIR. These cases suggest how chunk-level selection
can reduce the impact of a single interface’s local weaknesses on overall task success, consistent
with the phase-conditioned preferences in Appendix [B.3] The learned router expresses an interface
preference from the current context; it does not guarantee an optimal action for every chunk.

Folding Clothes

Figure 16: Case study of critical operations in Folding Clothes, Folding Box, and Tabletop Cleaning.
Within each task group, the upper row shows successful operations and the lower row shows cor-
responding failure cases, with red circles highlighting the affected interactions. Columns represent
distinct cases, read from left to right. The examples illustrate local execution errors that motivate
adapting the WAM interface at chunk boundaries.

E SIMULATION BENCHMARK RESULTS

This section supplements the real-world comparisons in Section [4.2] with simulation benchmark
results. The benchmark definitions and evaluation settings are described in Appendix [C}
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LIBERO. Table[I0]reports success rates across the four LIBERO suites. UniW(A)M achieves an
average success rate of 97.5%, with success rates above 95% in every suite. It obtains the high-
est Spatial success rate among the compared methods at 99.2% and exceeds the strongest listed
VLA baseline, 7 5, by 0.6 percentage points in average success. Compared with strong WAM
baselines, including Motus, LingBot-VA, and Fast-WAM, UniW(A)M maintains competitive per-
formance while supporting action-conditioned world modeling and multiple action-generation in-
terfaces within a unified framework. These results demonstrate effective action generation in simu-
lation alongside the model’s broader predictive capabilities.

Table 10: Success rates (%) on the four LIBERO suites and their arithmetic mean. The best and
second-best results in each column are shown in bold and underlined, respectively.

Model Spatial Object Goal Long Average
Vision-Language-Action Models
OpenVLA (Kim et al.| [2024) 84.7 88.4 79.2 537 76.5
mo (Black et al.,[2024) 96.8 98.8 95.8 852 94.1
mo.5 (Physical Intelligence et al.,[2025)  98.8 98.2 98.0 924 96.9
World Action Models
Motus (Bi et al.,[2025) 96.8 99.8 966 97.6 97.7
LingBot-VA (Li et al.,[2026a) 98.5 99.6 97.2 98.5 98.5
Fast-WAM (Yuan et al.,[2026) 98.2 100.0 97.0 952 97.6
UniW(A)M 99.2 99.0 96.6 952 97.5

RoboTwin 2.0. Table[IT] gives the values visualized in Figure[d] UniW(A)M attains 84.38% C2C
success, close to WorldScape Policy 2.0’s 84.92%, and the highest C2R success among the compared
methods at 66.60%. Its C2R score exceeds 7y 5 by 20.60 percentage points, supporting generaliza-
tion when scene randomization is introduced only at evaluation.

Table 11: RoboTwin 2.0 success rates (%) with clean-only training, averaged across 50 tasks sep-
arately for C2C and C2R. Official leaderboard baselines (RoboTwin Team, [2026)) use co-training
except mp, which uses single-task fine-tuning. Best and second-best scores are bold and underlined.

Model C2C C2R
mo (Black et al.||2024) (single-task) 4642 16.34
mo.5 (Physical Intelligence et al.l[2025)  70.7  46.0
Fast-WAM (Yuan et al.| [2026) 77.8 1.9

WorldScape Policy 2.0 (Su et al.|[2026) 84.92 38.5
UniW(A)M 84.38 66.60

F  WORLDARENA EVALUATION AND FUTURE-WORLD PREDICTION

F.1 RESULTS BY EVALUATION METRIC

Tables[I2]and[I3]report the complete set of component scores for the three real-world tasks evaluated
with WorldArena, grouped into six evaluation dimensions. We retain the original 0-1 scale and
follow the task and model order in Table 3| which reports the aggregate EWMScore-P scores.
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Table 12: WorldArena component scores for visual quality, motion quality, and content consistency.
The highest score for each metric within each task is shown in bold, including ties.

Model Visual Quality Motion Quality Content Consistency

Image  Aesthetic ~ JEPA ~ Dynamic  Flow  Motion Subject Backgrd. Photom.
Quality Quality Similarity Degree  Score Smoothness Consistency Consistency Consistency

Task 1: Folding Clothes (Deformable)
Cosmos-Predict 2.5

(NVIDIA et al }[2025) 0.3623  0.2389 0.2186 0.3057  0.1940 0.6070 0.7122 0.8976 0.2339
CtrlWorld (Guo et al.|[2025)  0.3237  0.2549 0.1757 0.6430  0.6827 0.7821 0.6917 0.8932 0.0469
UniW(A)M (Ours) 0.3158  0.2189 0.4439 0.6778  0.8025 0.8777 0.6924 0.8772 0.0177

Task 2: Folding Box (Contact-Rich)
Cosmos-Predict 2.5

(NVIDIA et al.}[2025) 0.3414  0.2403 0.4027 0.1439  0.0847 0.5247 0.6797 0.7887 0.3798
CtrlWorld (Guo et al.}[2025) 0.3179  0.2442 0.6381 0.4236  0.2647 0.6656 0.7407 0.8795 0.1597
UniW(A)M (Ours) 0.3235  0.2373 0.6541 0.3755  0.2290 0.6869 0.7396 0.8845 0.1459

Task 3: Tabletop Clean. (Long-Horizon)
Cosmos-Predict 2.5

(NVIDIA et al.| 2025) 0.4224  0.2264 0.0463 0.0922  0.0318 0.4849 0.1672 0.1885 0.2691
CtrlWorld (Guo et al}[2025) 0.3472  0.3696 0.3376 0.3118  0.1329 0.5793 0.8706 0.9350 0.3125
UniW(A)M (Ours) 0.3838  0.3681 0.5030 0.2742  0.1083 0.6310 0.8914 0.9353 0.2769

Table 13: WorldArena component scores for physics adherence, 3D accuracy, and controllability.
The highest score for each metric within each task is shown in bold, including ties.

Model Physics Adherence 3D Accuracy Controllability
Interaction Trajectory Depth Instruction Semantic
Quality Accuracy Accuracy Perspectivity Following Alignment

Task 1: Folding Clothes (Deformable)
Cosmos-Predict 2.5

(NVIDIA et al.} 2025) 0.6400 0.0720 0.5474 0.8000 0.5650 0.8175
CtrlWorld (Guo et al.;,[2025) 0.6350 0.1856 0.4754 0.8000 0.5150 0.8593
UniW(A)M (Ours) 0.8000 0.2287 0.6460 0.8000 0.9350 0.8929

Task 2: Folding Box (Contact-Rich)
Cosmos-Predict 2.5

(NVIDIA et al.| 2025) 0.7650 0.1091 0.6825 0.8150 0.9500 0.7537
CtrlWorld (Guo et al.| [2025) 0.6450 0.1473 0.8754 0.8000 0.7800 0.7407
UniW(A)M (Ours) 0.7050 0.1728 0.8464 0.8000 0.8400 0.7431

Task 3: Tabletop Clean. (Long-Horizon)
Cosmos-Predict 2.5

(NVIDIA et al.}[2025) 0.5400 0.0288 0.5741 0.5800 0.4100 0.7009
CtrlWorld (Guo et al.;[2025) 0.6000 0.0594 0.5653 0.8000 0.5900 0.7234
UniW(A)M (Ours) 0.6650 0.0726 0.5773 0.8000 0.6850 0.7077

F.2 QUALITATIVE COMPARISON OF FUTURE-WORLD PREDICTION

We compare videos generated by UniW(A)M in its AC-WM mode with CtrlWorld (Guo et al.,
2025)) and Cosmos-Predict 2.5 (NVIDIA et al., [2025) to examine whether unified training preserves
action-conditioned scene evolution and fine visual details. Figures[I7HI9]present three task-specific
comparisons. Each model has eight frames arranged in two rows of four, read left to right and then
top to bottom; corresponding positions use matched video timestamps. Red circles mark selected
prediction errors in the baselines. These qualitative examples complement the component scores by
exposing differences in object persistence, appearance consistency, and local interaction details.

Folding Clothes. In the highlighted CtrlWorld predictions, portions of the garment disappear from
the head or wrist view, and different regions of the garment acquire inconsistent colors. Cosmos-
Predict 2.5 changes the dark garment to a pale, bluish appearance and distorts its local folds.
UniW(A)M more consistently retains the dark fabric, a connected garment silhouette, and visi-
ble folds around the grippers. Preserving these features makes the predicted deformation easier to
follow as the arms manipulate the cloth.
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Figure 17: Action-conditioned future-world prediction on Folding Clothes. UniW(A)M in AC-WM
mode better preserves garment visibility and appearance in this early-sequence comparison. Red
circles highlight missing garment regions and inconsistent fabric appearance in the baselines.

Folding Box. The three methods capture a broadly similar progression from flat cardboard to
a folded box, while differing in local image quality. The highlighted CtrlWorld wrist view con-
tains substantial blurring near the cardboard, obscuring its structure. In the marked Cosmos-Predict
2.5 prediction, darkened and distorted local regions make the boundary between the box flap and
the gripper less distinct. UniW(A)M retains more discernible cardboard edges and gripper—object
boundaries at the corresponding moments, providing a clearer depiction of the contact geometry
during folding. The contrast here is primarily in local detail, rather than a different overall task
sequence.
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Figure 18: Action-conditioned future-world prediction on Folding Box. The comparison emphasizes
cardboard structure and wrist-view contact details. Red circles identify localized blur and poorly
resolved boundaries in baseline predictions.

Tabletop Cleaning. Bottle pickup and transfer expose differences in fine texture and object iden-
tity. UniW(A)M preserves more recognizable red lettering and label structure on the bottles as they
approach the wrist cameras. CtrlWorld retains the coarse bottle shape but loses or smears much
of the label detail in the highlighted frames. Cosmos-Predict 2.5 exhibits stronger color drift and
shape distortion, affecting both manipulated objects and the surrounding scene; some regions de-
velop vivid, fragmented textures. By maintaining more stable bottle appearance, basket structure,
and background content, UniW(A)M provides a more coherent visual account of the manipulation.
Together, these selected comparisons support the unified framework’s ability to retain useful future-
world modeling capabilities alongside action generation.
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Figure 19: Action-conditioned future-world prediction on Tabletop Cleaning. UniW(A)M retains
more recognizable bottle-label details and scene appearance. Red circles highlight lost label texture,
color drift, and distorted object or background regions in the baselines.

G TRAINING DETAILS AND ABLATION STUDIES

G.1 UNIFORM INTERFACE SAMPLING

During joint training, the five interfaces are sampled uniformly with probability 0.2 each, corre-
sponding to the ratio 1:1:1:1:1, without a manually tuned sampling schedule. For the four-WAM-
only ablation, AC-WM is omitted and the remaining interfaces are sampled uniformly with prob-
ability 0.25 each. With the total number of optimization steps fixed, each WAM interface there-
fore receives 25% more updates in expectation than under five-paradigm sampling. These sampling
probabilities are distinct from the relative weighting of video and action losses within each interface,
specified below.

G.2 INTERFACE-SPECIFIC TRAINING OBJECTIVES

Shared flow-matching formulation. All five interfaces use flow matching, with their conditioning
pathways determined by the visibility masks in Appendix [A2] Let ziq denote future video latents
produced by the video encoder and z,.; the corresponding action sequence. For each modality
m € {vid, act} to be predicted, Gaussian noise is interpolated with the training target:

Ty = (1= 0m) © T + 0 © €y, €m ~ N(0,1), Wy, = €m — T (19)
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Here, © denotes elementwise multiplication with broadcasting over feature dimensions. Noise levels
are sampled per temporal chunk and shared by the video and action targets within that chunk. The
training scheduler samples uniformly over 1,000 discrete indices and applies a shifted noise schedule
with shift parameter 5; thus, the resulting noise levels o, are not uniformly distributed on [0, 1].

For interface p, let 11((,’7 2n j be its predicted velocity for target unit j, conditioned on the available

trajectory context and the interface-specific mask. A target unit is a video latent frame or an action
vector. We define the modality loss as

N,
I - (p) MENTE
£ =E NmDm;wwm,»Hbm,j@<ua,m,j—um,j>\|2 - 0)

The expectation covers training trajectories, Gaussian noise, and sampled noise levels. Here, N,, is
the number of target units, D,, their feature dimensionality, and w the scheduler’s time-dependent
loss weight. The binary mask by, ; excludes unavailable actions and invalid action dimensions; it is
identically one for video targets. The clean initial video frame is excluded from the video target set.
Both modality losses average over their respective target elements before being combined.

Joint-WAM and IDM-WAM. These interfaces use the same loss composition:

L@ =4 2P ) e {Joint-WAM, IDM-WAM}. 1)
Their conditional prediction problems nevertheless differ. Joint-WAM permits joint video—action
denoising, whereas IDM-WAM uses interleaved teacher forcing: action denoising can access the
preceding video condition under the video-to-action ordering. IDM-WAM maintains separate tar-
get and conditioning copies, and only the noisy target copies receive denoising supervision. With
probability 0.5 per training forward pass, its video conditioning copies receive additional noise aug-
mentation; action conditioning copies remain clean.

Action-Centric-WAM and Action-Only-WAM. Both interfaces retain video supervision while
placing greater weight on action prediction:

L0 = L8 4+ Xt £L), et = 5, @)

p € {Action-Centric-WAM, Action-Only-WAM}.
In Action-Centric-WAM, the video branch attends to the current noisy action sequence, while ac-
tion prediction does not access the current future-video targets. Action-Only-WAM also blocks the
action-to-video direction, so video prediction provides auxiliary supervision without current-chunk
cross-modal attention. Both objectives include video loss during training. At deployment, neither
interface predicts future video. WM is inactive in Action-Centric-WAM, whereas VGM remains ac-
tive for the initial conditioning frame in Action-Only-WAM; shared and VLA experts process future
action tokens in both interfaces.

AC-WM. This interface predicts future video with the ground-truth action sequence supplied as a
clean condition:
AC-WM) _ p(AC-WM)
Ll ) =L . (23)
Only the future video targets are noised and supervised. The action sequence is neither corrupted
nor assigned an action-denoising loss.

Combining these objectives with uniform interface sampling yields

1
o= E ’ (P)
‘Ctraln - 5 £p7 (24)

peEP

where P contains the five interfaces above. Each optimization step uses the loss of one sampled
interface, providing a stochastic estimate of this mixed objective.
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G.3 INITIALIZATION AND OPTIMIZATION SETTINGS

Each MoE sublayer is initialized from its corresponding pretrained dense feed-forward network. Its
parameters are copied into five independently trainable experts: shared, VGM, VLA, WM, and IDM.
The bias-free router matrix W, is initialized to zero, assigning equal initial weights to the experts
allowed for each group. Because these weights sum to one and every expert initially implements the
same dense function, the replacement preserves the feed-forward output at initialization:

fdense fdense (h) (25)

MOE(O Z

ec&y | g|

This identity also holds for shared-only groups and is understood up to numerical precision. It
concerns the feed-forward replacement under identical inputs, not equivalence between interfaces
with different attention masks. Subsequent training updates the copied experts independently, while
the learned router adjusts their relative contributions within the permitted sets.

Optimization settings. Table |14 summarizes the optimization settings for backbone training and
PAIR adaptation. The backbone batch size is the effective global batch across devices and gradient
accumulation. Each PAIR classification head is trained independently with a batch size of 128;
this batch size is not multiplied by the number of ensemble members. The backbone weight decay
applies to the decay parameter group, while parameters assigned to the no-decay group, including
biases, use zero weight decay.

Table 14: Optimization settings for backbone training and PAIR classification-head training.

Configuration Backbone PAIR classification head
Optimizer AdamW AdamW
Learning rate 1x107° 1x1073
Learning-rate schedule  Constant Constant, no warm-up
Weight decay 1x107° 1x1072
Global batch size 192 128 per head

G.4 ARCHITECTURE, ROUTING, AND TRAINING-PARADIGM ABLATIONS

Table[I5]compares a single dense DiT, MoE with sample-level routing, and UniW(A)M with CATR.
All three use the same training steps, learning-rate settings, and training data volume. The single
DiT is initialized from Wan2.1-12V-14B-480P (Team Wan et al.| [2025). We report its approximate
scale as 16.4B parameters based on the pretrained DiT, omitting the action/state adapters from this
estimate. The MoE configurations use a Wan2.2-TI2V-5B backbone with five FFN experts per block
and approximately 16.2B parameters. Both figures exclude external encoders and VAE. This is not a
strictly parameter-matched comparison, and backbone configurations and initialization sources also
differ. In contrast, sample-level routing and CATR use identical expert counts, network structures,
and parameter counts. They differ in routing organization: CATR assigns eligible expert sets and
learned mixture weights to modality- and role-specific token groups, whereas sample-level routing
applies the active expert ensemble to the entire sample. This comparison evaluates the combined
token-group routing design, rather than isolating pooling granularity alone.
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Table 15: Architecture, routing, and training-paradigm ablations on three real-world tasks. The
dense, sample-level routing, and full five-paradigm CATR configurations use the same training steps,
learning-rate settings, and training data volume; the latter two have identical expert architectures and
parameter counts. The four-WAM-only CATR variant shares the full model’s initialization, training
steps, learning-rate settings, batch size, and dataset, but samples only the four WAMs uniformly.
Success rates are reported in percentage (%).

Folding Clothes Folding Box Tabletop Clean.

Interface ) ; Average
(Deformable) (Contact-Rich) (Long-Horizon)
Single DiT (Dense)
Joint-WAM 10 10 20 13.3
IDM-WAM 20 0 30 16.7
Action-Centric-WAM 0 0 10 3.3
Action-Only-WAM 0 0 5 1.7
MoE with Sample-Level Routing
Joint-WAM 50 45 60 51.7
IDM-WAM 80 30 70 60.0
Action-Centric-WAM 10 0 20 10.0
Action-Only-WAM 10 0 20 10.0
UniW(A)M with CATR: Four WAMs Only (w/o AC-WM)
Joint-WAM 75 60 80 71.7
IDM-WAM 80 60 80 73.3
Action-Centric-WAM 55 30 65 50.0
Action-Only-WAM 50 10 50 36.7
UniW(A)M with CATR: All Five Paradigms (Ours)

Joint-WAM 90 80 90 86.7
IDM-WAM 90 85 90 88.3
Action-Centric-WAM 85 75 85 81.7
Action-Only-WAM 85 70 85 80.0

The dense configuration reaches at most 16.7% average success. MoE with sample-level routing
improves Joint-WAM and IDM-WAM to 51.7% and 60.0%, but both action-only inference path-
ways remain at 10.0%. CATR raises the four interfaces to 80.0%—88.3%, including 81.7% and
80.0% for Action-Centric-WAM and Action-Only-WAM. Thus, an expert architecture alone is in-
sufficient to sustain all interfaces in this setting, while token-group alignment improves joint-training
performance. These comparisons do not isolate the contributions of gradient interference or other
optimization mechanisms.

Contribution of AC-WM co-training. The four-WAM-only variant retains UniW(A)M with
CATR but omits AC-WM from the training paradigm set. It uses the same initialization, total training
steps, learning-rate settings, batch size, and dataset as the full five-paradigm model. Each retained in-
terface is sampled with probability 0.25, compared with 0.2 in the full model. Thus, the full model’s
gains occur despite allocating fewer expected training updates to each WAM interface. As shown
in Table its average success rates are 71.7%, 73.3%, 50.0%, and 36.7% for Joint-WAM, IDM-
WAM, Action-Centric-WAM, and Action-Only-WAM, respectively, compared with 86.7%, 88.3%,
81.7%, and 80.0% under full five-paradigm training. Every interface—task pair improves when AC-
WM is included. The largest task-level gains occur on box folding: Action-Centric-WAM increases
from 30% to 75%, and Action-Only-WAM from 10% to 70%. These interfaces omit future-video
prediction at deployment, so the observed benefit is not restricted to execution paths that explicitly
generate visual rollouts. The comparison supports a positive contribution of AC-WM co-training to
WAM action generation, while not isolating the optimization mechanism or establishing the reverse
effect of WAM training on AC-WM quality.
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