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Abstract

Embodied cognition requires agents to connect high-level task reasoning with the physi-
cal states to be achieved. We introduce Hy-Embodied-RxBrain, an embodied cognition
foundation model with joint language-visual reasoning and imagination. Unlike vision-
language models that emphasize scene understanding and textual decision making, or
generative world models that mainly predict future visual states, RxBrain represents
embodied plans in a single planning sequence where language and visual imagination
play complementary roles. Language provides the abstract structure of a plan, including
task decomposition, planning primitives, constraints, temporal order, and decision logic,
while visual imagination grounds this structure through world state prediction and joint
subgoal planning, associating each planning step with intermediate and final physical
states. RxBrain adopts a unified multimodal Mixture-of-Transformers architecture that
supports language, image, and video understanding and generation within one model.
To train this capability, we build an automatic pipeline that converts embodied videos
into joint text-visual planning supervision by decomposing videos into planning steps
and aligning them with visual state transitions. We further introduce RxBrain-Bench
to evaluate whether models can represent embodied plans through joint textual and
visual components rather than separate understanding or generation. Experiments show
that RxBrain maintains embodied understanding and generation abilities, and produces
plans with coupled textual reasoning, world state prediction, and joint subgoal planning.
We also extend RxBrain to continuous robot action generation, where it shows promising
real-robot performance without large-scale action-data pretraining. These results provide
an initial step toward foundation models for embodied cognition.
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1 Introduction

Embodied cognition requires an agent to reason not only about what to do, but also about what the
world should look like after its actions. Textual reasoning provides a natural interface for abstract task
understanding, causal inference, constraint satisfaction, and long-horizon decomposition, enabling an
embodied agent to formulate plans beyond immediate perception. Meanwhile, visual goal imagination
offers a complementary form of reasoning by representing desired physical states, spatial configurations,
and object interactions in the modality where embodied actions ultimately take effect. However, in
complex tasks such as planning, neither textual reasoning nor visual imagination alone can fully specify
an executable intention: language may describe high-level procedures while omitting critical spatial
or state details, whereas visual goals may depict desired outcomes without exposing the underlying
causal structure or intermediate decisions required to achieve them. This motivates a joint formulation of
embodied cognition, where textual reasoning and visual goal imagination are integrated to represent,
reason about, and plan toward goals in the physical world.

Recent advances in embodied Al have largely developed along two complementary directions. Vision-
language models (VLMs) (Ji et al., 2025; Team, 2025; Dang et al., 2025; 2026; Lee et al., 2025; Fang et al.,
2026) provide a general interface for connecting perception, language, and action: they can interpret
visual observations, understand instructions, ground objects and spatial relations, decompose tasks,
and support high-level decision-making through textual reasoning. However, their cognitive process
is typically expressed in language, leaving the desired physical outcome only implicitly specified and
often lacking an explicit imagination of the visual goal state. In parallel, world models and generative
models (Guo et al., 2025; Team et al., 2026b; Li et al., 2026; Ye et al., 2026b) focus on predicting future
observations, simulating state transitions, or synthesizing goal-conditioned visual outcomes, making
them particularly suitable for visual planning. Yet these models are usually less capable of explicit causal
reasoning, abstract task understanding, and constraint-aware decision-making. As a result, existing
approaches often separate the two sides of embodied cognition: VLMs reason over what should be done,
while world models imagine what might happen, but neither fully integrates textual reasoning with
visual goal imagination.

More recently, embodied foundation models have begun to move beyond the separation between
VLMs and world models. A representative example is Cosmos 3 (Agarwal et al., 2026), which connects
understanding, generation, simulation, and action within an omnimodal framework for physical Al. Such
models mark an important step toward unified embodied intelligence. However, despite integrating
reasoning and generation within a unified framework, they still tend to treat them as separate capabilities
rather than organizing them into a coupled cognitive process. This suggests that joint embodied reasoning
requires more than architectural unification: the model must be endowed with the ability to coordinate
textual reasoning and visual imagination toward the same planning objective. 7y 7 (Intelligence et al.,
2026) explores combining a vision-language model with an image generation model to generate joint
language-visual subgoals, which are used as conditioning signals for VLA policies to guide action
generation. In the broader multimodal domain, models such as BAGEL (Deng et al., 2025) further show
that text and images can be generated in a mixed or interleaved form, where language can describe, refine,
or guide visual generation. This form of jointness is often centered on representing the same semantic
content across modalities. Embodied planning requires a more complementary relation between language
and visual, where language specifies actions, constraints, and decisions, while visual imagination specifies
the goal and world states those actions should realize.

To address this challenge, we introduce RxBrain, an embodied cognition foundation model with joint
language-visual reasoning and imagination for embodied planning. Rather than treating language
reasoning and visual generation as separate capabilities, RxBrain organizes them within the same
planning sequence: language expresses task decomposition, planning primitives, constraints, temporal
order, and decision logic, while visual imagination grounds the plan through world state prediction
and joint subgoal planning, depicting the intermediate and final physical states that each planning
stage is intended to realize, as shown in Figure 1. This allows RxBrain to represent an embodied plan
through complementary textual and visual components, specifying both how a task should progress
and what world states should be achieved along the way. Built upon HY-Embodied-0.5(Team et al.,
2026a), RxBrain adopts a unified multimodal architecture based on Mixture-of-Transformers (Liang et al.,
2024), supporting understanding and generation across language, images, and videos within a single
model. Its modality-specific text and vision transformers enable language understanding/generation
and visual understanding/generation to be learned in a shared framework. In the vision transformer,
visual understanding tokens and generation tokens are processed by separate FFNs while sharing
QKYV projections, allowing perception and imagination to interact within the same visual tower. On the
generation path, RxBrain removes the need for additional VAE-encoded visual input tokens while keeping
visual generation in the VAE latent space, simplifying the multimodal input pipeline and encouraging
visual understanding and generation to share a more aligned semantic representation.
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Figure 1: Capability overview of RxBrain. RxBrain supports multiple embodied tasks within a unified
model, including embodied visual question answering, multi-frame visual generation, and joint textual
reasoning with visual goal imagination. Given human instructions and visual observations, the model
can reason about the current scene, imagine future or goal states, and generate joint language and visual
planning step by step.

Training such a model requires supervision in which language-visual reasoning and imagination are
coupled around the same embodied task. However, data that jointly specifies what actions should be
taken and what physical states those actions should produce is scarce and expensive to annotate manually.
To address this, we propose an automatic data construction pipeline that converts embodied videos
into joint text-visual planning supervision. Given an embodied video, the pipeline decomposes it into
action-centric segments, associates each action with its corresponding visual state transition, filters out
ambiguous or unsuitable sequences, and organizes the remaining data into multi-granularity samples
ranging from step-level subgoals to full-task plans. This supervision teaches RxBrain to align textual
action descriptions with the visual state transitions they produce, enabling each planning step to be
represented by both what action should be taken and what physical change it should achieve. We further
introduce RxBrain-Bench, a benchmark for embodied cognition foundation models. Unlike existing
evaluations that separately measure embodied understanding, or world states prediction, RxBrain-Bench
evaluates whether a model can jointly use language and visual imagination to understand tasks, predict
goal states, and construct coherent embodied plans across diverse scenarios.

We evaluate RxBrain on a broad set of embodied and multimodal benchmarks to assess its general image
generation embodied understanding and planning capabilities. Beyond these standard evaluations, we
use RxBrain-Bench to examine whether a model can represent embodied plans through complementary
language and visual components. On RxBrain-Bench, RxBrain produces planning outputs in which
language specifies actions, constraints, and decisions, while images depict the goal and intermediate
world states associated with them. We further extend RxBrain to continuous robot action generation,
where it shows encouraging real-robot performance without relying on large-scale action-data pretraining.
These results provide an initial step toward embodied cognition models that reason through coupled
language and visual planning representations.
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Figure 2: Architecture overview of RxBrain. The model adopts a modality-aware MoT architecture to
jointly process visual input tokens, text tokens, and generated vision tokens. Visual tokens are handled
by a shared vision backbone with full attention, where understanding and generation tokens share
attention projections but are routed to separate FFN experts. Text tokens are processed by the Language
Transformer with global causal attention for autoregressive generation. Generated vision tokens are
decoded through a VAE decoder. Different token colors indicate visual inputs, text inputs/outputs, and
generated visual outputs.

2 Model

RxBrain is a unified embodied foundation model designed to support three core capabilities: embodied
understanding and reasoning, world state prediction and joint language-visual embodied subgoal
planning. To enable these capabilities, RxBrain is built on a modality-aware Mixture-of-Transformers
(MoT) architecture. Tokens from different modalities are routed to specialized Transformer pathways
and communicate through cross-modal attention, allowing language, understanding visual tokens
and generated visual tokens to be modeled within a unified framework. For visual modeling, visual-
understanding tokens and visual-generation tokens share a common vision Transformer, including shared
attention projection layers, while modality-aware expert routing provides specialized computation for
perception and generation. In addition, RxBrain adopts a hybrid attention design: causal attention is
used for autoregressive text generation, whereas frame-wise bidirectional attention is applied to visual
tokens for both visual understanding and flow-matching-based generation.

2.1 Model Architecture

Visual representations. A key challenge in building a unified model is how to align visual repre-
sentations for both understanding and generation within a single architecture. RxBrain inherits the
Vision Encoder design from HY-Embodied-0.5, where reconstruction ability is introduced during its
pre-training (Team et al., 2026a). Specifically, the Vision Encoder is supervised in the VAE latent space,
allowing it to preserve fine-grained image details while maintaining strong semantic feature extraction
capability. Inspired by this design, RxBrain adopts HY-ViT 2.0 as the single visual encoder to extract
both semantic features and VAE-aligned fine-grained features from visual inputs. To improve image
generation quality, we employ a pretrained VAE model from FLUX (Black Forest Labs, 2025) as the
encoder and decoder for visual generation tokens.

Modality-Aware Mixture-of-Transformers. RxBrain adopts a modality-aware Mixture-of-Transformers
(MoT) design. Input tokens are first distinguished by their modality and routed to the corresponding
Transformer branch, while a global self-attention enables cross-modal information exchange. Structurally,
the backbone exposes two modality-specialized attention branches (language and vision) together with
three modality-specific feed-forward experts for text, visual understanding, and visual generation.

The text pathway and the visual-understanding pathway form the two modality-specialized branches for
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language and vision processing. For visual modeling, the input vision tokens (used for understanding)
and the output vision tokens (used for generation) are processed by the same vision Transformer and
share the same attention projection layers; instead of introducing a fully separate Transformer for
generation, RxBrain adds a dedicated visual-generation FEN expert whose intermediate dimension is
widened from 6,144 to 12,288. A modality-conditioned routing then dispatches visual-understanding
and visual-generation tokens to their respective experts, so that the two visual functions share visual
attention while preserving modality-specific computation for visual input understanding and visual
output generation.

In terms of capacity, the base RxBrain model contains 6.2 B parameters in total. The text and visual-
understanding branches are of roughly equal size (~ 1.5 B each), the widened visual-generation expert
contributes about 2.4 B, and the remaining parameters lie in the shared and peripheral modules—the
SigLIP vision tower (~ 0.45 B), the tied input/output token embedding (~ 0.25 B), and the lightweight
image flow-matching head (~7 M); image latents are produced by an external, frozen VAE tokenizer
(83.8 M) outside the backbone.

2.2 Multimodal Generation Formulation

The formulation is designed to support three generation modes for embodied tasks: autoregressive text
generation, future multi frames visual prediction, and interleaved text-vision generation for embodied
planning.
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Figure 3: Hybrid attention patterns in RxBrain. RxBrain adopts hybrid attention masks for unified
multimodal understanding and generation. For text generation (a), input images are encoded with
bidirectional visual attention, while text tokens follow causal attention for autoregressive decoding. For
multi frames generation (b), input images and text prompts follow the same pattern, while generated
frames use bidirectional attention within each frame and causal attention across frames. For interleaved
generation (c), text is generated autoregressively before image generation; generated images are then
re-encoded as visual input for next steps.

Visual Prefix Representation. RxBrain processes visual tokens with a dedicated intra-image bidirec-
tional attention mechanism in addition to the standard causal attention computation. Specifically, after
computing causal attention over the full multimodal sequence, the model performs an additional bidi-
rectional self-attention operation among the visual tokens belonging to each individual image. The
resulting intra-image visual representations are then used to replace the corresponding outputs of the
causal attention branch at the visual token positions. This design enables each image to achieve global
information exchange among its own visual tokens while preserving the causal structure across the
multimodal sequence and the independence between different visual observations.

Text Generation. For language outputs, RxBrain follows a standard autoregressive generation for-
mulation. Given the multimodal prefix, including language instructions and visual observations, text
tokens are generated sequentially with causal attention and optimized through next-token prediction.
This enables the model to answer questions about embodied observations and produce language-based
reasoning conditioned on both textual and visual context.

Multi Frames Generation. RxBrain formulates world state prediction tasks as the generation of four
future image frames. Given historical observations and task context as the prefix, the model predicts
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the future frames in the VAE latent space using a flow-matching objective. During generation, the four
frames are denoised in parallel for efficiency, while the internal attention mask preserves the causal
structure of the visual sequence. As a result, each generated frame can attend to its own frame tokens and
all preceding prefix tokens, including historical observations, text context, and earlier generated frames.
This design allows RxBrain to perform parallel visual denoising while maintaining causal temporal
dependencies for future multi-frame prediction. At the interface level, RxBrain represents the four future
frames as consecutive latent spans within a single <Video> - - - </Video> wrapper.

Interleave Generation. For joint subgoal planning, RxBrain adopts an interleave generation scheme
that jointly produces text reasoning and visual state prediction within a autoregressive process with the
trajectory decoded left-to-right under causal attention:

<assistant> r; <Image>z1 .y </Image> 7, <Image>Zzj1.y </Image> --- <eos>.

Here, r; denotes the reasoning text at planning step 7, and z; 1.y denotes the flow-matched latent repre-
sentation of the imagined frame. The reasoning tokens are generated through standard autoregressive
next-token prediction, while the <Image> token acts as a learned modality transition token that allows
the model to decide when visual imagination should be performed.

After generating <Image>, the model synthesizes the corresponding latent span z; .5y through flow
matching in the VAE latent space, conditioned on the preceding multimodal context within the full
attention. Once the frame is synthesized, it is re-encoded by ViT visual encoder and appended to the
context, after which the </Image> token is automatically inserted and autoregressive decoding continues
with the next reasoning step.

3 Joint Planning Data Construction

Learning joint textual-visual planning requires supervision that captures both task semantics and the
physical state changes produced during execution. Standard text-to-image pairs teach open-domain
visual synthesis (Esser et al., 2024; Black Forest Labs, 2025; Rombach et al., 2022), but they do not capture
how embodied tasks unfold over time, including object motion, hand or gripper interactions, and
intermediate visual states. We therefore use embodied task videos collected from robots, wrist-mounted
human demonstrations, simulation, and egocentric human activity. Processing these videos produces
joint text-visual planning samples that align textual planning steps with observed state transitions and
provide supervision for world state prediction and subgoal planning.

Our corpus comprises four source categories, namely Real-Robot Data, UMI Data, Simulation Data,
and Egocentric Human Data. Real-Robot Data and UMI Data include self-collected sources, while
detailed descriptions of all sources are provided in Section B. Figure 4 summarizes the verified corpus,
which spans 46 processed source splits and 50,177.2 hours and contains 21,506,919 trainable segments
retained from approximately 28.61 M candidates at a reported 75.18% pass rate. Category-level duration,
source and dataset composition, and scene coverage are reported in Figure 4A, Figure 4B, and Figure 4C,
respectively, with finer scene taxonomies provided in Section D.

To turn raw videos into usable supervision, we process all sources with a three-stage pipeline: Temporal
Segment Annotation, Quality Verification, and Segment Structuring. This pipeline produces four post-
training tasks: continuous prediction, planning, high-level planning, and final-state imagining. These
tasks provide supervision at different levels of granularity, from local state transitions to higher-level
planning structures.

3.1 Temporal Segment Annotation

Temporal Segment Annotation converts long, untrimmed embodied task videos into localized planning
steps, as shown in Figure 5. Each localized step contains a short step name, a detailed textual description,
and two visual anchors: a start frame and an end frame that make the physical state change visible. We
denote the multimodal large language model used for semantic decisions as ®. The overall process first
samples visually informative keyframes, then asks ® to propose candidate planning steps, and finally
refines the start and end boundaries of each step. A raw video is an ordered sequence V = (fi, ..., fn)
recorded at v frames per second, with timestamp 7; = j/v. We define an atomic planning step as one
localized step in a task whose effect can be observed through a clear visual state change. A localized
segment is represented as

Si = (IiStartr Iiendl ai, di/ mi)/ (1)

where [ Z.Start and Il.end are the start and end frames, g; is a short step name, d; is a detailed description of
the step, and m; records source, viewpoint, index, and temporal metadata. The annotation of a video is a
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Figure 4: Data construction overview and statistics. This figure summarizes the verified post-training
corpus by scale, source composition, and scene coverage. Panel A reports total video hours across four
data categories: Real-Robot Data, UMI Data, Simulation Data, and Egocentric Human Data. Panel B
shows the source composition, with source categories in the inner ring and individual datasets in the
outer ring. Panel C ranks the fourteen top-level scene categories by segment count.

temporally ordered sequence of segments {S;}M,. Neighboring segments may overlap in time, which
allows the same video interval to be reused when multiple planning steps share visual context, while
their indices still follow the chronological order of the task. Equation 1 is the unit consumed by Quality
Verification and Segment Structuring.

Keyframe sampling. Long videos often contain many static intervals, so we allocate the MLLM context
to frames where visible changes are more likely to occur. Instead of uniformly sampling the whole video,
we first decode the clip at a reduced frame rate and score adjacent frames by visual difference. After
smoothing and pruning nearby peaks, we keep a compact set of keyframes that covers both major visual
changes and long temporal gaps. The first and last frames are also included, and the final anchor set is
capped to fit the global keyframe budget G. This source-agnostic sampler is applied to all data sources
with the same empirical constants.

Candidate step proposal. Given the ordered global keyframes G, ® first judges whether the clip is
suitable for annotation. Clips that are too dark, heavily cluttered, dominated by tiny objects, or otherwise
difficult to interpret are marked as unannotatable and produce no steps. For annotatable clips, ® returns
a short clip summary, a high-level goal, the camera viewpoint, and an ordered list of candidate planning
steps. Each candidate step ¢; = (a;,d;, p;, 4;) contains a short step name a;, a detailed description d;, and
coarse start and end indices (p;, ;) in G. The prompt asks P to follow the atomic planning step definition
and to keep the coarse candidates in chronological order.

Boundary refinement. The candidate ranges provide a task-level prior, but their sparse keyframes may
not capture the exact start or completion of a state change. We therefore refine each coarse segment locally.
Around the coarse end, we sample a small set of candidate frames and ask & to select the first frame
where the completed state is visible. Around the coarse start, we sample another local candidate set and
ask @ to select the start frame, using the chosen end frame as reference. This bidirectional refinement
gives each planning step a clear pair of visual anchors while allowing adjacent steps to overlap when they
share temporal context. The final start and end frames are rendered at native resolution for downstream
training. Additional implementation details are provided in Section C.1.

Output. The annotation stage outputs a temporally ordered sequence of localized planning segments
{S;}M, for each source video. Each segment contains start and end visual anchors, a short step name, a
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Figure 5: Data construction pipeline. Raw embodied task videos are converted into joint text-visual
planning samples through three stages: Temporal Segment Annotation, Quality Verification, and Segment
Structuring. The final samples are organized into L0-L3 tasks, covering intra-step world state prediction,
step-level planning, subgoal planning, and final-state imagination.

detailed description, and metadata. Quality Verification (Section 3.2) filters these segments, and Segment
Structuring (Section 3.3) organizes the retained segments into model-ready training samples.

3.2 Quality Verification

Quality Verification uses an MLLM-based verifier to decide whether each localized segment S; from
Equation 1 is suitable for training. A valid segment should contain a clear visual state transition between
the start anchor 5% and the end anchor £, and its textual description should correctly describe the
observed planning step. This verification ensures that the retained segments can supervise world state
prediction and joint subgoal planning, rather than introducing noisy text-visual pairs.

The verifier checks three aspects in one MLLM call: semantic quality, visual grounding, and consistency
between the text and the visual transition. Each rejected segment is associated with a specific review item,
making the filtering decision interpretable instead of relying only on an opaque score. The complete
review protocol and item-level rejection criteria are provided in Section C.2 and Table 5.

For semantic quality, each segment is scored on a six-level scale from 5 (clean and usable) to 0 (missing
or unreadable). Segments with scores 4-5 are kept only if they also pass all consistency checks, while
segments with scores 0-3 are rejected. We additionally apply a simple near-duplicate filter that removes
pairs whose start and end anchors are more than 99.5% identical, since such pairs usually do not contain
a meaningful state change.

When the visual transition is valid but the textual description d; is inaccurate or incomplete, the verifier
corrects d; instead of discarding the segment. We also allow certain apparent object disappearances when
they are consistent with the planning step, such as pick-up, move-away, or withdraw behaviors. After
verification, 75.18% of candidate segments are retained for training.

3.3 Segment Structuring

Segment Structuring organizes verified segments into joint text-visual planning samples for RxBrain,
following the packed-sequence format in Section 2. The goal is to construct training samples at different
temporal scales, from the state change inside a single planning step to the final state of a complete task.
Each sample contains a task wrapper, a goal condition, textual planning information, and visual context
or target frames. We use ¢; to denote the text condition associated with segment i, which can be a short
step name a;, a detailed description d;, or an LLM-generated subgoal, depending on the task.

We organize the samples into four post-training tasks, corresponding to the LO-L3 levels in Figure 6. LO
and L1 are both built from the verified atomic planning segments. L0 uses each segment independently
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Figure 6: Hierarchical data construction pipeline. Verified planning segments are organized into four
levels of supervision. LO learns the visual state change inside a single planning step, while L1 links
consecutive steps for step-level joint planning. L2 groups neighboring steps into subgoals, and L3
connects the initial observation with the final task state.

to learn intra-step visual state changes, while L1 links consecutive segments to learn step-level planning.
Above this shared segment layer, L2 groups adjacent steps into higher-level subgoals, and L3 summarizes
the whole video into a final task goal. This hierarchy allows RxBrain to learn world state prediction and
joint subgoal planning at multiple levels of granularity.

L0 segment. L0 samples model the visual change inside a single atomic planning step. The basic form
takes the start frame I$%*™ and a text condition #; as input, and predicts the end frame Ifnd:
[ Lstart t‘] N Ignd
1 [ T
We also create variants with richer visual context or denser targets. Some samples prepend pre-step
history frames Iz.pre, while others include intermediate frames ™ as additional targets. These variants

teach the model not only the final outcome of a planning step, but also the intermediate visual dynamics
leading to that outcome.

L1 step-level planning. L1 samples connect consecutive atomic planning steps. Given visual context
and a goal condition, the model predicts a sequence of future planning steps and their corresponding
visual outcomes. Each predicted step is represented by a text description and an end frame:

(Crms §seg] — [T1, ™, ..., Ty, I,

where Cy.;; denotes visual context frames, gseg denotes the goal condition for the segment window, and
T; denotes the predicted step text. This task teaches the model to jointly produce textual planning steps
and visual state transitions.

We construct three layouts for L1. The first is goal-to-future planning, where the model starts from the
initial visual context and predicts multiple future steps. The second is history-to-next-step planning,
where the model observes completed steps and predicts the next step and its resulting state. The third
is history-to-future planning, where the model conditions on several completed steps and predicts a
sequence of subsequent steps. These layouts expose the model to both forward planning from a goal and
continuation planning from partial progress.

L2 subgoal planning. L2 samples operate at the subgoal level. Starting from the sequence of verified
planning steps, an LLM groups adjacent steps into a smaller number of high-level subgoals. Each
subgoal is paired with a boundary frame that shows the state after the subgoal has been completed.
The construction mirrors L1, but replaces step-level texts and end frames with subgoal descriptions and
subgoal boundary frames:
[Bll‘ﬂ’l/ gseg] — [Hl/ Bl/ sy Hk/ Bk]/

where By, denotes visual context at the subgoal level and H; denotes a high-level subgoal description.
This task encourages RxBrain to plan over coarser task stages rather than only local step transitions.

10
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L3 final-state imagination. L3 samples model the final outcome of the whole task. Given the initial
frame [5%" and a concise task goal g,sk, the model predicts the final frame I%nd:

8rask] = 17,

The task goal is generated by an LLM from the full sequence of subgoals and summarizes the intended
final objective of the video. Each video contributes at most one L3 sample. This task teaches the model to
imagine long-range task outcomes without requiring every intermediate step to be specified.

[ Istart

4 Training

4.1 Training Objective
RxBrain is optimized with a unified multimodal objective that jointly trains language understanding,

visual generation, and interleaved embodied generation. Different generation modes share the same
MoT backbone while adopting modality-specific supervision objectives.

Text Generation Objective. For language generation, RxBrain follows the standard autoregressive
formulation. Given a multimodal context c and a target text sequence y = (y1,...,yr), we optimize the
next-token prediction objective:

T
Liext = — Y_log po(yt|y<t.c). 2
t=1

The text branch adopts causal attention, where each token attends only to previous text tokens and
available multimodal context.

Image Generation Objective. RxBrain generates visual tokens in the VAE latent space using a flow-
matching objective. Given a clean VAE-encoded image latent x( and Gaussian noise € ~ N (0, 1), the
intermediate latent is constructed with a linear flow path:

xr = (1—#t)xo + te, ©)]

where t € [0,1] is sampled from a logit-normal distribution. The generation branch predicts the velocity
field with the flow-matching objective:

Laow = Brpe [[00(x1,t,¢) = (= x0)]3] @

The learned velocity field is used for image synthesis by solving the corresponding ODE during inference.
This objective is applied to both future-frame prediction and image generation tasks.

Interleave Generation Objective. RxBrain is trained to generate interleaved language and visual states
for embodied reasoning. Each training sample is represented as an ordered sequence of text segments
and visual states:

S={(x1,h),(x2,o),...,(xn,IN)}, 5)

where x; denotes the reasoning text segment and I; denotes the corresponding visual state. At each step
k, RxBrain predicts the next text and visual state conditioned on the preceding multimodal context:

hy = {x<k/ T<k}/ (6)

where I denotes the visual representations of previous states. The text generation follows an autore-
gressive objective:

Liext = — Zlog p()(xk|hk)~ ()
k

For visual generation, the model additionally conditions on the current reasoning text x:

11
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Lyision = »Cﬂow(lk“/lkr xk)/ (8)
where Ly, is the flow-matching objective described above.

To reduce the discrepancy between training and inference contexts, we employ an inference-aware visual
state construction strategy. During training, the previous visual states are obtained from ground-truth
images through the same reconstruction and encoding pipeline used during inference:

I; = Eyis (Dvak (Evag (L)), )

where Dyag and Eyag denote the decoder and encoder of VAE, E,;s denotes the ViT encoder. During
inference, the generated latent state Z; is first decoded into an image and then transformed into visual
representation:

I; = Eyis (Dyag (%)) - (10)

By aligning the visual state construction process between training and inference, the model learns to
reason over visual representations consistent with those encountered during generation, while reducing
the impact of error accumulation from interleave rollout.

The overall interleaved generation objective is:

Linterleave = 2 (/\tﬁtext(kak) + /\Uﬁvision(lk ‘hk/ xk)) ’ (11)
k
where A; and A, denote the weighting coefficients for the text generation loss and the vision generation
loss respectively.

4.2 Training Stage

RxBrain is trained with a two-stage curriculum that progressively transforms the model from a general
multimodal foundation model into an unified embodied model with joint language-visual reasoning
and imagination abilities. The first stage focuses on establishing a unified vision-language generation
capability, where the model learns to understand, reason over, and generate visual content while pre-
serving the underlying language capability. Starting from this multimodal foundation, the second stage
adapts RxBrain to embodied scenarios by introducing world modeling and long-horizon planning super-
vision. This progressive training strategy enables RxBrain to acquire general visual knowledge before
specializing in embodied tasks.

Stage 1: Joint Vision-Language Pretraining. The first stage jointly trains all components of RxBrain
using large-scale image-text pairs and multimodal instruction-following data. The objective of this stage
is to establish a unified representation space that connects language understanding, visual perception,
and visual generation. Image-text alignment and instruction data provide semantic grounding and visual
reasoning capabilities, while visual generation supervision based on the flow-matching objective equips
the model with the ability to synthesize visual states. By jointly optimizing understanding and generation
objectives, this stage preserves the general language capability of the base model while extending it with
multimodal reasoning and generation abilities.

Stage 2: Embodied Supervised Fine-tuning. The second stage adapts RxBrain to embodied scenarios
through supervised multimodal generation learning. The training mixture combines general multimodal
understanding data with embodied data, including embodied instruction-following examples, multi-
frame prediction samples, and interleaved planning trajectories. The embodied instruction data further
enhances the model’s ability to understand embodied environments and generate language responses for
reasoning and planning tasks, while the multi-frame prediction objective improves the model’s ability to
generate future states.

For interleaved planning data, each multimodal trajectory is transformed into multiple text-image
generation samples during training, where each generated visual state is paired with its corresponding
language context. This training strategy enables RxBrain to learn interleaved generation over sequential
language and visual states while maintaining compatibility with the inference process.

During this stage, RxBrain is optimized with a combination of language generation, visual generation,
and embodied supervision objectives. More details about training hyperparameters, data mixture, and
optimization settings are provided in Appendix E.

12
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5 RxBrain-Bench

5.1 Overview

Unified multimodal models for embodied Al are increasingly expected to do more than answer questions
about an observed scene or generate a future video from a fixed instruction. To act as embodied agents,
interleaving the two modalities helps a lot: generate the next action in language, imagine the visual
state produced by that action, use the generated state to decide what to do next, and repeat until the
goal is achieved. While existing benchmarks provide valuable tests of visual understanding, embodied
reasoning, and video generation, but these abilities are typically evaluated in isolation. To our knowledge,
no existing benchmark directly and comprehensively evaluates the full interleaved generation loop,
evaluating this interleaved text—visual generation capability is the primary motivation for RxBrain-Bench.

For embodied reasoning, RxBrain-Bench covers a broad set of evaluation dimensions, including action
and trajectory understanding, initial state judgment, visual grounding and localization, complex task
planning, simulation-based planning, task completion judgment, error recognition and recovery, task state
estimation, spatial relation understanding, and a small portion of multi-view and temporal reasoning.
These dimensions systematically evaluate a model’s perception, understanding, reasoning, planning, and
state judgment abilities in embodied manipulation scenarios.

Based on these dimensions, the benchmark is organized into three tracks: RxBrain-Bench-EVQA, RxBrain-
Bench-WorldPred, and RxBrain-Bench-JointPlan.

5.2 Tracks

RxBrain-Bench-EVQA. The RxBrain-Bench-EVQA track evaluates whether models can understand
embodied scenes and reason about task-relevant decisions from visual observations. The scenarios are
selected from domains with potential commercial value, including industrial, retail, and service environ-
ments. Different from general-purpose VQA benchmarks, this track focuses on questions grounded in
real-world deployment, where models must reason not only about objects and spatial relations, but also
about task efficiency, operational safety, goal satisfaction, and physical constraints. Concretely, it covers
several categories of embodied reasoning: high-level planning, which asks models to decompose a goal
into executable steps; simulation-based planning, which evaluates multi-round planning by requiring
models to update subsequent decisions according to simulated state transitions and intermediate out-
comes; fine-grained step reasoning over grasp points, motion trajectories, action selection, temporal order,
and multi-view observations; error recovery, which tests whether models can identify abnormal states
and choose appropriate responses; and task-completion judgment, which requires models to determine
whether the current scene state satisfies the task goal. To make the evaluation discriminative, we design
distractors around realistic physical conflicts, production safety rules, and trade-offs between safety and
efficiency.

RxBrain-Bench-WorldPred. The RxBrain-Bench-WorldPred track evaluates visual goal imagination
in embodied scenarios. Given a current observation and a natural-language action instruction, a model
is required to generate a short future video depicting the physical state transition caused by the action.
This tests whether the model can imagine not only what action is being executed, but also how the
scene should change as a result. Unlike existing embodied video generation benchmarks (Zhou et al.,
2025¢; Deng et al., 2026) that emphasize long-horizon synthesis, our track focuses on short-horizon
future prediction. This setting better matches the closed-loop nature of embodied control, where an
agent repeatedly predicts the near future, executes an action, and re-grounds its next decision on new
observations. Short-horizon prediction also reduces error accumulation in long rollouts and provides the
visual look-ahead needed for step-by-step planning.

RxBrain-Bench-JointPlan. The RxBrain-Bench-JointPlan track evaluates the core capability targeted
by RxBrain-Bench: representing an embodied plan through joint textual reasoning and visual goal
imagination. Unlike Embodied VQA, which focuses on understanding and reasoning over the current
scene, or Embodied Video Generation, which focuses on predicting the visual consequence of a given
action, this track requires a model to use text and images as complementary parts of the same plan. Given
a goal and an initial observation, the model must describe the next action in language, generate the
corresponding visual state after that action, judge progress toward the goal, and continue this process
until the task is completed. In this setting, language specifies the action logic, constraints, and decisions,
while visual imagination specifies the intermediate and final world states associated with them. This
track therefore evaluates whether a model can move beyond separate understanding or generation tasks
and jointly represent what should be done and what physical state should be achieved.

13
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5.3 Evaluation Metrics

We evaluate the three benchmark tracks using task-specific metrics. Embodied VQA is evaluated by
exact-match accuracy. The two generative tracks (Embodied Video Generation and Multimodal Embodied
Planning) are evaluated primarily by an MLLM-as-judge using task-specific weighted rubrics, together
with auxiliary fidelity metrics computed against the ground-truth frames. We use a fixed GPT-5.5 model
as the evaluator and require structured JSON outputs for all judgments (Singh et al., 2025). Each criterion
is rated on a five-point scale, and the reported score is averaged over k = 2 independent evaluations.

EVQA. All questions are multiple-choice with a single correct answer among physically grounded
distractors. We report exact-match accuracy, both overall and macro-averaged across the four ques-
tion categories (high-level planning, fine-grained step reasoning, error recovery, and task-completion
judgment).

WorldPred. Given the current observation and an action instruction, the model predicts future frames.
We evaluate each generated trajectory using five criteria: Observation Continuity (OC), Action Correctness
(AC), Goal Completion (GC), Temporal Plausibility (TP), and Ground-Truth Trajectory Match (TM). The overall
score is the weighted sum

Sgen = 0.150C 4 0.30 AC + 0.20 GC +- 0.20 TP + 0.15TM.

Action Correctness and Temporal Plausibility receive the largest weights, as they measure whether the
predicted future both follows the commanded action and remains physically coherent over time. We
additionally report PSNR and DINO similarity as auxiliary frame-level fidelity metrics.

JointPlan. Planning is evaluated in a fully autoregressive (free-running) setting, where the generated
reasoning text and imagined visual state at each step are fed back as inputs for subsequent prediction.
This protocol evaluates true closed-loop planning and naturally captures error accumulation over long
horizons.

Each planning trajectory is assessed using six criteria: Observation Understanding (OU), Subtask Planning
(SP), Goal-Image Correctness (Gl), Subtask—Goal Consistency (SG), Chain Completion (CC), and Image Similarity
(IS). The weighted planning score is defined as

Splan = 0.100U + 0.25SP + 0.25GI + 0.20SG + 0.10CC + 0.101S.

The first five criteria are rated by the MLLM judge, while Image Similarity is computed as the DINO
cosine similarity between each generated visual state and its corresponding ground-truth state. The three
step-level criteria (SP, GI, and SG) are averaged across the entire planning trajectory. We report both the
overall planning score and the per-criterion breakdown, enabling separate analysis of failures in textual
reasoning and visual prediction. The full generation-side evaluation protocol is provided in Section F. It
specifies the exact task inputs and held-out set sizes for both generative tracks, the GPT-5.5 VLM-as-judge
configuration (multi-image prompting, structured JSON scoring, and votes=2 averaging), the complete
criterion definitions and weights of the two rubrics (Table 9 for JointPlan and Table 10 for WorldPred), the
local perceptual pass that supplies the DINO image-similarity term, and how each baseline is composed
into a comparable interleaved planner or video generator for a like-for-like comparison.

6 Evaluation

We evaluate RxBrain along four axes: (i) its core text-to-image generation ability; (ii) its embodied
and spatial understanding across a broad suite of benchmarks; (iii) its world state prediction ability
based on multi frames generation and (iv) its joint subgoal planning ability. For the first two axes we
report standard benchmark and RxBrain-EVQA comparisons against representative open and released
models. For world state prediction and joint subgoal planning we report our evaluation results on
RxBrain-WorldPred and RxBrain-JointPlan benchmarks.

6.1 Evaluation Tasks

We organize the evaluation along the four axes introduced above, and describe the benchmarks, baselines,
and metrics used for each before presenting results in Section 6.2.

Text-to-image generation. We first assess RxBrain’s core text-to-image generation ability. We use
GenEval (Ghosh et al., 2023), a standard benchmark of prompt-faithful, open-domain text-to-image
synthesis rather than any embodied skill, to verify that the unified model preserves general-purpose,
world-knowledge image generation. We compare against the generation-specialist baseline Bagel (Deng
et al., 2025) and the other generation-capable model Cosmos-3-Nano (Agarwal et al., 2026).

14
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Embodied and spatial understanding. Second, we evaluate embodied and spatial understanding across
a broad suite of public benchmarks together with our self-built RxBrain-Bench-EVQA. The public bench-
marks are grouped into three families: embodied and spatial reasoning (ERQA (Team et al., 2025), EmbSpa-
tial (Du et al., 2024), CV-Bench (Tong et al., 2024), SAT (Ray et al., 2024), DA-2k (Yang et al., 2024b)); robot
affordance, trajectory and placement (Share-Robot-Affordance and Share-Robot-Trajectory (Ji et al., 2025),
RefSpatial (Zhou et al., 2025b), Where2Place (Yuan et al., 2024), and the context / compatibility / configuration
splits of RoboSpatial-Home (Song et al., 2025)); and multi-view and 3D understanding (MindCube (Yin
et al., 2025), MMSI-Bench (Yang et al., 2025), ViewSpatial (Li et al., 2025), 3DRSBench (Ma et al., 2024),
SITE-Bench-Image (Wang et al., 2025b), VSI-bench (Yang et al., 2024a)). RxBrain is compared against
representative open and released vision-language and embodied models; higher is better for all metrics.

To probe physical-world understanding beyond generic image QA, we additionally construct RxBrain-
Bench-EVQA, a self-built multiple-choice VQA benchmark grounded in real robot-manipulation episodes.
Each question is built from frames sampled from task-execution videos and posed as a multiple-choice
problem—four options, or two for binary yes/no judgments—with hand-written distractors, and an-
swered by a single option letter. Questions are grounded in one to nine images (median three, mean 4.5)—
covering single observations, multiple synchronized camera views, and temporally ordered frames—so
that answering requires genuine visual and physical reasoning rather than language priors. The bench-
mark comprises 1,123 multiple-choice questions spanning ten categories, which we group into four
families: (i) perception and state—State Estimation and State Understanding; (ii) spatial and grounding—
Spatial Reasoning and Pointing (localizing a queried target); (iii) action, trajectory and temporal—Action
Reasoning, Trajectory Reasoning, and Temporal Reasoning (recovering the chronological order of shuf-
fled frames); and (iv) outcome and planning—Success Detection, Error Recovery, Complex Planning, and
Simulation Planning. Simulation Planning is a separate multi-round task-planning split with 258 samples,
evaluated by a weighted MLLM judge. Together, the benchmark contains 1,381 evaluated items. Items
come from a model-assisted, verified pool together with a human-authored cognition set, and every item
is checked to have a unique, image-grounded correct answer; the temporal-ordering split is additionally
curated with a strong external VLM. We report top-1 accuracy for the multiple-choice subtasks and the
weighted judge score for Simulation Planning.

World state prediction. Third, we evaluate world state prediction on RxBrain-Bench-WorldPred: given
the current observation and an action instruction, the model predicts a short-horizon (4-frame) future.
Since no released unified model supports instruction-conditioned short-horizon video generation in our
closed-loop setting, we construct strong baselines from released components—the general-purpose video
model Wan2.2-TI12V-5B (Wan et al., 2025) and the embodied world model Cosmos3-Nano (Agarwal et al.,
2026). All evaluation trajectories are held out from training, and we report the weighted MLLM-judge
score Sgen (Section 5.3) as the primary metric.

Joint subgoal planning. Finally, we evaluate joint subgoal planning on RxBrain-Bench-JointPlan, which
requires interleaved text-and-image planning under a fully autoregressive (free-running) closed-loop
rollout. Since no released unified model supports this setting either, we again build strong baselines
from released components: a modular Qwen-Agent (Qwen3-VL-2B (Bai et al., 2025) as the reasoner with
Qwen-Image-Edit as the image generator), an agent built upon the omni model Cosmos3-Nano (Agarwal
etal., 2026), and the unified BAGEL-7B-MoT (Deng et al., 2025) run as a planning agent. All evaluation
trajectories are held out from training, and we report the weighted MLLM-judge score Sy, (Section 5.3)
as the primary metric.

6.2 Evaluation Results

Text-to-image generation. Table 1 reports the main comparison across the four benchmark families of
Section 6.1. RxBrain first preserves strong general image generation: GenEval places RxBrain (82.4) on
par with the generation-specialist baseline Bagel (82) and well ahead of the other generation-capable
model Cosmos-3-Nano (71.68). Crucially, this generative competence is preserved alongside, not traded
against, broad embodied understanding, on which most generation-capable models do not operate at all.

Embodied and spatial understanding. On embodied and spatial reasoning, RxBrain leads CV-Bench
(88.59), EmbSpatial (82.3), and DA-2k (83.4), and is second-best on SAT (74.33). Its clearest advantage is in
multi-view and 3D understanding, where it attains the best score on 3DRSBench (54.1), MMSI-Bench (35.8),
MindCube (47.5), and SITE-Bench-Image (54.9), and second-best on ViewSpatial (47.3) and VSI-bench
(43.53). On robot affordance, trajectory, and placement it gives the best trajectory prediction (Share-Robot-
Trajectory, 51.13) and leads RoboSpatial-Home configuration (86.28); fine-grained pointing and affordance
(RefSpatial, Where2Place, Share-Robot-Affordance) remain the main gap, where the pointing-specialist
RoboBrain2.5 (Tan et al., 2026) is stronger. Overall, this combination—general prompt-faithful generation
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Table 1: Main comparison on embodied reasoning and image generation benchmarks. RxBrain is
compared against representative open and released vision-language and embodied models across 19
benchmarks, grouped into four families: text-to-image generation, embodied and spatial reasoning,
robot affordance/ trajectory/placement, and multi-view /3D understanding. GenEval measures general
open-domain text-to-image generation to demonstrate model’s world knowledge generation ability.
Larger models, family-specific variants, sparsely evaluated models, diagnostic splits, and benchmarks
without reported RxBrain results are included in the full comparison in the appendix. Benchmarks are
listed as rows and models as columns; higher is better for all metrics and “—” marks entries that are
not applicable or not reported. RoboSpatial-Home is split into its context/compatibility/ configuration
sub-rows. Best result per row is in bold, and second-best result is underlined.

Qwen3.5 Qwen3.5 Bagel RoboBrain2.5 Cosmos-3-Nano RxBrain

Benchmark 4B 2B 14B(A7B) 4B 16B(A8B) 6B
Text-to-image generation

GenEval - - 82 - 71.68 82.4
Embodied & spatial reasoning

ERQA 45.8 39.8 39.5 35.8 46 42.8
EmbSpatial 74.2 64.3 67.0 80.2 82.1 82.3
CV-Bench 85.9 78.98 774 87.4 879 88.59
SAT 78.33 63.67 74.3 66 73.3 74.33
DA-2k 68.5 63.9 62.9 82.8 78.9 83.4
Robot affordance, trajectory & placement

Share-Robot-Affordance 24.75 18.09 3.2 50.31 27.97 11.74
Share-Robot-Trajectory 29.41 28.51 11.78 27.74 39.02 51.13
RefSpatial 34.27 24.22 8.62 62.5 59.5 34.08
Where2Place 44.28 15.09 8.83 52.47 60.64 39.75
RoboSpatial-Home (context) 7.22 6.74 6.15 56.56 31.22 28.28
RoboSpatial-Home (compatibility) 50.5 32.38 42.86 36.19 71.43 67.62
RoboSpatial-Home (configuration) 82.1 71.54 73.98 83.74 86.18 86.28
Multi-view & 3D understanding

MindCube 38.5 31.9 37.6 43.7 36.7 47.5
MMSI-Bench 31 26.6 29.8 28.3 34.6 35.8
ViewSpatial 423 36.6 38.6 41.5 54.1 47.3
3DRSBench 37.2 34.2 45.8 52.1 52.6 54.1
SITE-Bench-Image 50.7 47.6 51.4 521 54.8 54.9
VSI-bench 40.57 38.29 34.45 40.96 52.97 43.53

together with broad embodied and spatial competence in a single model—is the central capability RxBrain
is designed to deliver, rather than trading one axis of ability for the other.

RxBrain-Bench-EVQA. Table 2 reports the per-subtask results on RxBrain-Bench-EVQA. RxBrain
achieves an overall score of 72.7 across the 1,123 multiple-choice questions and 258 simulation-planning
samples. Its clearest strengths lie in outcome-aware reasoning and multi-round planning: the model
obtains the best results on Success Detection (85.1) and Simulation Planning (51.6), and achieves the
second-best result on State Estimation (69.8). In particular, the Simulation Planning result indicates
that Hy-Embodied-RxBrain can update its decisions over multiple rounds according to intermediate
simulated states and execution outcomes, rather than producing only a one-shot task decomposition.
Overall performance remains below Qwen3.5-4B (78.1) and Cosmos3-Nano (76.7), with the main gaps
appearing in fine-grained spatial grounding, trajectory and temporal reasoning, and error recovery.
These results suggest that Hy-Embodied-RxBrain is particularly effective at judging task outcomes and
maintaining goal-directed plans, while more precise perception and physical-state reasoning remain
important directions for improvement.

World state prediction and joint subgoal planning. Tables 4 and 3 summarize RxBrain on the two
generative tracks of RxBrain-Bench, including both the per-subset/per-criterion breakdowns and compar-
isons with the baselines described in Section 6.1. We report the weighted MLLM-judge scores Sja, and

Sgen (§5.3) as the primary metrics.

On RxBrain-Bench-WorldPred, RxBrain achieves Sgen = 0.62. Observation continuity (0.67) and action
correctness (0.65) receive the highest scores, while temporal and physical plausibility (0.53) remains
the weakest aspect, suggesting that motion consistency is the main limitation of the current model.
Performance ranges from 0.73 on umi to 0.35 on arctic, with two-frame conditioning providing the best
overall results. Compared with the baselines (Table 3), RxBrain substantially outperforms the general-
purpose video model Wan2.2-TI2V-5B (0.429) and edges out Cosmos3-Nano (0.591), despite the latter
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Table 2: RxBrain-Bench-EVQA: per-subtask accuracy breakdown (%). Ten multiple-choice subtasks
covering 1,114 of 1,123 questions; three rare categories (n < 4) are omitted from the per-row listing due
to insufficient sample size. Best result per row is bold; second-best is underlined. "RxBrain Temporal
Reasoning evaluated on 100 of 102 questions (two items filtered). ¥Simulation Planning is a separate
multi-round task-planning split (1=258) scored by a weighted MLLM judge (rescaled to %). The Overall
row is the sample-weighted average over all evaluated items (1,123 multiple-choice questions plus the
258 simulation-planning samples, n=1,381).

Qwen3.5 Qwen3.5 Bagel RoboBrain2.5 Cosmos-3-Nano RxBrain

Subtask n 2B 4B 14B(A7B) 4B 16B(A8B) 6B
Perception & state

State Understanding 171 75.4 95.3 81.3 87.7 90.6 86.0
State Estimation 86 64.0 84.9 58.1 65.1 65.1 69.8
Spatial & grounding

Spatial Reasoning 88 443 89.8 80.7 85.2 86.4 73.9
Pointing 133 62.4 722 69.9 64.7 79.7 69.9
Action, trajectory & temporal

Action Reasoning 96 49.0 89.6 75.0 69.8 88.5 84.4
Trajectory Reasoning 119 429 78.2 66.4 72.3 84.0 69.7
Temporal Reasoning+ 102 51.1 81.1 57.8 68.3 79.3 69.1
Outcome & planning

Complex Planning 119 58.8 92.4 79.8 89.1 91.6 88.2
Success Detection 101 47.5 76.2 69.3 60.4 80.2 85.1
Error Recovery 99 65.7 96.0 97.0 97.0 97.0 72.7
Simulation Planningic 258 26.8 45.3 27.4 41.2 42.0 51.6
Overall 1,381 51.6 78.1 65.1 69.7 76.7 72.7

Table 3: RxBrain-Bench-WorldPred: method comparison. Held-out, short-horizon (4 frames). Sgen is the
weighted MLLM-judge score; the five columns after it are its judge criteria. Baselines: Wan2.2-TI2V-5B
= a general-purpose 12V diffusion model; Cosmos3-Nano = an embodied omni world model (I2V). Both
baselines and RxBrain are scored on the same held-out balanced subset with identical 4-frame alignment;
n differs due to judge content-filtering.

Method Sgen ObsCont ActCorr GoalComp TempPlaus GTMatch n

RxBrain 0.62 0.67 0.65 0.62 0.53 0.59 420
Cosmos3-Nano  0.591 0.76 0.62 0.58 0.48 0.53 420
Wan2.2-TI2V-5B  0.429 0.75 0.42 0.37 0.32 0.34 420

being a specialized embodied world model pretrained on substantially larger-scale video data. Overall,
these results indicate that a single unified model can match dedicated world models on future prediction
while significantly outperforming modular pipelines on interleaved multimodal planning. Across both
tasks, language reasoning consistently exceeds visual generation quality, with goal-image correctness
and temporal plausibility remaining the two primary bottlenecks. Figure 7 illustrates this behavior on
two held-out actions: conditioned on the initial observation and the action instruction, RxBrain predicts
four future frames that preserve scene layout and reproduce the intended manipulation, closely tracking
the ground-truth rollout, while the general-purpose Wan2.2-TI2V baseline introduces spurious objects
and appearance changes and Cosmos3-Nano advances the motion more slowly.

On RxBrain-Bench-JointPlan, RxBrain achieves Spj,, = 0.68. The per-criterion breakdown shows that
language reasoning is the model’s strongest capability, with observation understanding (0.83) and
subtask planning (0.78) substantially outperforming goal-image correctness (0.52), indicating that visual
imagination remains the primary bottleneck. Performance is consistently strong across most subsets
(0.61-0.75), while the fine-grained tabletop benchmark arctic remains the most challenging (0.48). Under
free-running rollouts, performance gradually decreases with planning horizon, from 0.69 at two steps to
0.55 at eight steps, reflecting accumulated autoregressive errors. Compared with the baselines (Table 4),
RxBrain substantially outperforms the Cosmos3-Nano agent (0.521), the unified BAGEL-7B-MoT (0.503),
and Qwen-Agent (0.431), leading across every judge criterion of Syja,, with the largest gains on subtask
planning and chain completion.
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UMI — handheld gripper: approach the white cup on the table and grasp it.

Frame 1 Frame 2 Frame 3 Frame 4

GT

RxBrain
(ours)

Wan2.2-
TI2V

Cosmos3

Figure 7: RxBrain-Bench-WorldPred (UMI). Four-frame future prediction for handheld manipulation.
Rows compare the ground truth (GT), RxBrain (HY-Unified), the general-purpose 12V model Wan2.2-TI2V,
and the embodied world model Cosmos3. RxBrain preserves the scene layout and reproduces the intended
grasping behavior.

Table 4: RxBrain-Bench-JointPlan: method comparison. Held-outS,, is the weighted MLLM-judge
score; the five columns after it are its judge criteria, and DINO is the sixth rubric term (Image Similarity,
folded into Spjan). Baselines: Quwen-Agent = Qwen3-VL-2B (reasoner) + Qwen-Image-Edit (generator);
Cosmos3-Nano = a single omni model orchestrated as an agent (chat reasoner + 12V goal-image generator);
BAGEL-7B-MoT = a unified interleaved image-text model (Deng et al., 2025) run as a planning agent. n

differs slightly across methods due to judge content-filtering; all share the same held-out balanced subset
(seed 0).

Method Splan Obs Plan Goallmg Consist Chain DINO n

RxBrain 0.68 0.83 0.78 0.52 0.67 0.69 0.72 540
Cosmos3-Nano (agent) 0.521 0.67 0.62 0.26 0.47 0.63 0.75 540
BAGEL-7B-MoT 0.503 0.58 0.55 0.25 0.60 0.56 0.67 540
Qwen-Agent 0.431 0.57 0.53 0.20 0.44 0.53 0.52 540

Figures 8 show representative joint subgoal planning rollouts on a held-out task: for the same initial
observation and goal, RxBrain produces sub-step texts and predicted goal frames that stay aligned with
the ground-truth plan, whereas the modular Qwen-Agent tends to repeat a generic instruction and drift
visually, and the Cosmos3-Nano agent hallucinates object appearances and scene changes over successive
steps.
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GT goal ~ ~
The robotic gripper moves The gripper closes its two With the fabric pinched, = The gripper carries the The gripper opens its jaws
down and forward from  jaws around the right-side the gripper raises the held lifted section leftward and lets the lifted edge fall
above the table toward the edge of the blue cloth, edge upward so part of the while holding it, pulling  back onto the table,
right edge of the blue pinching the fabric blue cloth lifts off the table the cloth across the leaving the blue cloth in a
cloth, aligning its open  between the fingers. and forms a hanging fold. tabletop and changing its new draped position.
jaws near a corner. spread.

=~ am —
RxBrain >

(ours) The gripper hovers above The gripper lowers onto ~ With the cloth pinched, the The gripper carries the The gripper opens its jaws
the blue cloth and moves the right edge of the blue gripper raises upward, lifted cloth leftward and  and lets the cloth fall back
from the upper center area cloth and closes its jaws to pulling the right side of  slightly inward over the  onto the table, leaving the
toward the right edge of  pinch the fabric near the  the blue cloth off the table table, shifting its position blue fabric in a new
the cloth on the table, corner, securing the cloth. so the fabric stands up and and changing its folded  spread-out position.

folds.

aligning its jaws. shape.

Qwen-

agent Move to the right edge of Grasp the blue cloth with Pull the blue cloth to the =~ Release the blue cloth. Move the blue cloth to the
the blue cloth. the gripper. left.

<y .

Cosmos3 __® e
Move the robot gripper to Grasp the blue cloth at its Pull the blue cloth Release the blue cloth after Retract the robot gripper
the right edge of the blue right edge. leftward while moving it to the desired ~ away from the blue cloth.
cloth. maintaining a firm grip.  position.

Figure 8: RxBrain-Bench-JointPlan (BridgeV2), task “move to the right edge of the blue cloth, grasp it,
pull it leftward, and release it.” rows are models, columns are planning steps, and each cell pairs the
imagined goal frame with the model’s generated sub-step text. RxBrain reproduces the grasp—pull-release
sequence and the cloth’s changing shape in step with the ground-truth plan (GT goal).

7 Extending RxBrain to Action Generation

Building on RxBrain, we extend the unified embodied model with an action-generation capability for
robotic manipulation. Our goal is to investigate whether the world knowledge and state prediction priors
acquired through multimodal pretraining can provide a strong foundation for action prediction without
requiring large-scale action pretraining. To this end, this section presents the architecture of the proposed
action model and evaluates its effectiveness on real-world robotic systems.

7.1 Action Model Architecture

For action, we extend RxBrain with a modality-specialized branch containing dedicated attention pro-
jections {Q, K, V,0},, FEN, and layer norms. The branch is initialized by copying the corresponding
parameters from the vision understanding branch. Meanwhile, action tokens remain in the shared global
attention operation with observation, instruction, and state tokens, allowing action-specific parameteriza-
tion while preserving cross-modal conditioning.
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Action Output

Gated Expert Fusion
Understanding i Generation
FFEN FEN FFN FFN
Joint Attn
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Language MoT Vision MoT Action MoT

State token Nosiy Ac

Figure 9: Action model architecture. A modality-specialized Action MoT branch uses dedicated attention
and feed-forward parameters while sharing global self-attention with language, vision, and state tokens.
A zero-initialized channel-wise gate transfers features from the pretrained generation expert to the action
expert, whose outputs are decoded into action chunks.

Gated Expert Fusion. In RxBrain, the generation branch is pretrained for general image generation,
world-state prediction and joint subgoal planning, making its feed-forward expert FFN, a natural
repository of predictive and planning representations. Since action generation also depends on these
capabilities, the action branch should efficiently reuse the pretrained generation expert rather than relearn
the same knowledge from scratch.

Let x, denote the hidden states of the action tokens after joint self-attention. We apply the action
and generation experts to the same action-token representation, while retaining the branch-specific
normalization of each expert. The fused feed-forward update is defined as

FFNf,used(xa) = FFN, (LN (x;)) 4+ g © FENg(LNg(x,)), (12)

where LN, and LN are the LayerNorm modules associated with the action and generation branches,
respectively, and © denotes element-wise multiplication. Thus, both experts process the same post-
attention action representation, but through their own learned normalization parameters. This preserves
the feature scaling expected by each expert when the pretrained generation expert is reused for action
tokens.

The fused feed-forward update is incorporated through the standard residual connection,

X9 = x, + FENIUsed (y ), (13)

The per-channel gate g is initialized to zero, so the fused module initially reduces exactly to the standalone
action expert. This provides a function-preserving starting point without introducing an immediate
contribution from the generation branch. During action training, the gate learns to selectively inject
predictive and planning features from FFN,, while preserving the modality-specific capacity of FFN,.
The learned magnitude of g also provides a direct measure of how strongly each channel relies on the
pretrained generation expert.

Action representation and flow-matching head The proprioceptive state (bimanual end-effector pose
[pos,, quat,, grip;] x 2, 16-D) is mapped by a lightweight state encoder into a single proprioception token,
and the next H steps form an action chunk in which each step is one action token. Actions are generated
with flow-matching formulation, applied in the normalized action space: given a clean action chunk a
and noise € ~ N (0, ), we form the interpolant a; = (1 — s) a + s € and train the action head to regress
the velocity field,

Laction = ]Es,a,e[ ||U¢(ﬂs, S, C) - (6 - 11) H% ]
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. Following (Black et al., 2024) and (Physical Intelligence et al., 2025), the action chunk draws a single
per-chunk flow time s ~ Beta(1.5,1) biased toward high noise,. At inference, the action chunk is denoised
from pure noise by a few-step Euler ODE along the predicted velocity field and de-normalized into
end-effector pose commands.

7.2 Real-world Deployment

Methods
o
0.5
.l I Ours
Set the Table Fold and Store Glasses - Average
004 e 2 " o 1 3 1 o 8
75 4 68
50 46
25
0 -

Figure 10: Real-world robot evaluation on three manipulation tasks. We compare our method with 77
and 1o 5 on three manipulation tasks. Our method achieves the highest success rate on average.

Experimental Setup and Tasks. We further evaluate our method on two real-world robot embodiments:
the DOBOT X-Trainer and an ARX dual-arm platform. The first two tasks are conducted on the DOBOT
X-Trainer, while the third task is evaluated on the ARX platform. As illustrated in Fig. 10, we consider
three multi-stage household manipulation tasks.

In Set the Table, the robot must retrieve a plate, a fork, and a knife from a storage rack and arrange them
into a valid place setting on the table. In Fold and Store Glasses, the robot is required to fold the temples of
a pair of eyeglasses and place the folded eyeglasses into a glasses case. In Pick Trash, the robot must first
open the lid of a trash bin and then pick up and deposit a piece of waste into the bin.

The baselines and our model are all trained on the same real-world robot data. In addition, we use the
joint planning data construction pipeline illustrated in Section 3 to annotate joint subgoal planning labels
on real-world robot data, and these annotated data are incorporated into the training of our model.

Results. We evaluate each policy with 100 real-robot trials on each task and compare our method
against two strong vision-language-action baselines, 77y and 77 5, using task success rate as the evaluation
metric. As shown in Fig. 10, our method consistently outperforms both baselines across the three tasks.
Specifically, our method achieves success rates of 97% on Set the Table, 95% on Fold and Store Glasses and
68% on Pick Trash, resulting in an average success rate of 87%. In comparison, 77y and 77 5 achieve average
success rates of 68% and 82%, respectively. These results demonstrate that our action generation design
can effectively perform complex manipulation behaviors, even without additional action pretraining. This
suggests that the proposed approach can learn a reliable action generation policy from the pre-trained
model itself, enabling robust manipulation in real-world environments.

8 Related Work

8.1 Vision-Language Models for Embodied Understanding

Vision-language models (VLMs) bridge visual perception and language. Early contrastive methods such
as CLIP (Radford et al., 2021) align images and text in a shared embedding space, providing transferable
representations for downstream recognition. Subsequent generative VLMs connect a pretrained vision
encoder to a large language model: Flamingo (Alayrac et al., 2022) introduces gated cross-attention
for few-shot multimodal learning, BLIP-2 (Li et al., 2023) bridges frozen encoders and LLMs with a
lightweight querying transformer, and LLaVA (Liu et al., 2023) shows that simple visual instruction
tuning can enable strong open-ended visual dialogue. More recent model families such as Qwen-VL (Bai
et al., 2023; Wang et al., 2024; Bai et al., 2025) and InternVL (Chen et al., 2024; Zhu et al., 2025) scale
data, resolution, and encoder capacity, achieving robust captioning, visual question answering, OCR,

21



momoTICS X Les (& Tencent Hy

long-video understanding, and spatial grounding. Natively multimodal models such as GPT-40 (OpenAl,
2024) further extend this trend by coupling visual and linguistic processing more tightly within a single
model. Together, these models provide increasingly reliable scene understanding, which has begun to
empower embodied agents that must ground perception in the physical world.

Building on this understanding capability, a growing line of work develops VLMs tailored to embodied
scenarios. PaLM-E (Driess et al., 2023) incorporates continuous sensor inputs into a language model
for embodied reasoning and planning, while RT-2 (Brohan et al., 2023a) casts robot actions as language
tokens and transfers web-scale vision-language knowledge to robotic control. Recent embodied VLMs
further improve spatial grounding and task-level planning. RoboBrain (Ji et al., 2025; Team, 2025)
targets robotic manipulation by modeling planning, affordance perception, and trajectory prediction,
and RynnBrain (Dang et al., 2025; 2026) emphasizes egocentric cognition, spatiotemporal grounding,
and physical-space reasoning. MolmoAct (Lee et al., 2025; Fang et al., 2026) introduces action reasoning
models that transform observations and instructions into depth-aware perception tokens, editable spatial
trajectory traces, and low-level robot actions, making the planning process more interpretable and
steerable. Cosmos-Reasonl (Azzolini et al., 2025) further focus on physical common sense and embodied
reasoning, producing next-step decisions through multimodal reasoning. These models significantly
strengthen embodied perception, spatial reasoning, and action planning. However, they mainly output
language-level decisions, symbolic plans, trajectories, or actions, rather than explicitly generating future
visual states.

8.2 Generative World Models

In parallel with VLMs, world models aim to predict how the environment evolves over time. Recent
video generation models show that large-scale generative training can capture rich visual dynamics
and synthesize temporally coherent future frames (Wan et al., 2025; Kondratyuk et al., 2023; Blattmann
et al.,, 2023; Bruce et al., 2024; Google DeepMind, 2024; Lin et al., 2026). Beyond pixel-level generation,
latent predictive models such as V-JEPA (Bardes et al., 2024) and V-JEPA 2 (Assran et al., 2025) learn to
predict future or masked spatiotemporal representations, showing that video-based self-supervision can
support understanding, prediction, and planning. These works suggest that video prediction and latent
prediction provide useful forms of visual imagination.

Recent embodied world action models (WAMs) bring this predictive ability closer to robot control. Video
Prediction Policy (VPP) (Hu et al., 2024) uses representations from pretrained video diffusion models
to guide robot policy learning through predicted future visual features. Ctrl-World (Guo et al., 2025)
develops a controllable multi-view generative world model for policy-in-the-loop rollout, enabling
fine-grained action-conditioned prediction and long-horizon robot policy evaluation in imagination.
LingBot-VA (Li et al., 2026) jointly learns frame prediction and policy execution in a causal autoregressive
diffusion framework, interleaving visual and action tokens for closed-loop robot control. DreamZero (Ye
et al., 2026b) further formulates world action models as zero-shot policies by jointly predicting future
world states and actions with a pretrained video diffusion backbone. These models explicitly connect
future prediction with action generation, making them closer to embodied imagination than standard
VLMs. However, they mainly emphasize generative prediction and policy learning, while explicit scene
understanding remains limited. They do not naturally support language-based inspection of imagined
scenes or semantic verification of whether a predicted future state satisfies a task goal.

8.3 Unified Multimodal Models for Understanding-Generation

A more recent line of work seeks to unify visual understanding and generation within a single model,
rather than treating them as separate systems. One family couples an autoregressive language backbone
with a diffusion objective for images: Transfusion (Zhou et al., 2025a) trains a single transformer with a
language-modeling loss on text tokens and a diffusion loss on image patches, so that one model both
understands and generates. Chameleon (Chameleon Team, 2024) instead tokenizes images and text
into a shared discrete vocabulary and models them with a single early-fusion autoregressive objective.
Building on such mixed-modal training, BAGEL (Deng et al., 2025) scales an interleaved image-text
model and reports emerging capabilities such as image editing and free-form visual manipulation, while
unified frameworks like Janus (Wu et al., 2024) decouple the visual encoding pathways for understanding
and generation to reduce interference between the two objectives. These models demonstrate that
understanding and generation can share parameters and benefit from joint training.

More recently, this unification has been pushed toward embodied and physical-world settings. Cos-
mos3 (Agarwal et al., 2026) combines visual understanding, visual generation, world simulation, and
action modeling within a unified Mixture-of-Transformers (MoT) architecture. This provides a strong
foundation for embodied agents by enabling models to both interpret the current scene and imagine
possible future states.
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Moving toward next-generation embodied cognition foundation models, we argue that models should
not only possess strong embodied language reasoning and world state prediction capabilities, but also
provide language-visual subgoal guidance, where high-level goals can be translated into intermediate
visual objectives for planning and verification. Cosmos3 adopts specialized reasoning and generation
pathways with different task modes to achieve multimodal world modeling. Inspired by this direction,
we explore a more unified architecture that enables embodied reasoning, world state prediction, and joint
language-visual subgoal planning within an interleaved reasoning process. This motivates the design of
RxBrain.

8.4 Action Generation with Unified Models

Embodied action generation has increasingly been studied using large pretrained models, including
VLM-based (Yuan et al., 2026; Wu et al., 2026; Chen et al., 2025; Physical Intelligence et al., 2025; Kim et al.,
2024) and World Model based (Gao et al., 2026; Ye et al., 2026¢; Li et al., 2026; Ye et al., 2026a; Kim et al.,
2026)policies. Recent works explore unified multimodal models for embodied action generation, where
actions are modeled jointly with visual and language modalities. UP-VLA (Zhang et al., 2025) incorporates
visual understanding and future prediction objectives into VLA training, while MM-ACT (Liang et al.,
2025) introduces a unified discrete diffusion framework that jointly models images, language, and actions.
Beyond multimodal action generation, RynnVLA-002 (Cen et al., 2025) further integrate action modeling
with world dynamics by jointly learning future states and executable behaviors. Motus (Bi et al., 2025)
further explores unified world modeling for embodied intelligence by integrating multiple paradigms,
including vision-language-action modeling, world modeling, video generation, inverse dynamics, and
video-action joint prediction, into a MoT framework. InternVLA-A1 (Cai et al., 2026) and BagelVLA (Hu
et al., 2026) incorporate visual reasoning, generation, and action prediction, while Cosmos3 (Agarwal
et al., 2026) unifies language, vision, audio, and physical actions within a unified physical Al foundation
model.

9 Conclusion

We introduced RxBrain, an embodied cognition foundation model that represents embodied plans
through joint language-visual reasoning and imagination. The core idea is that embodied planning should
connect the logical structure of a task with the physical states to be achieved: language specifies planning
steps, constraints, and decisions, while visual imagination grounds them in goal and intermediate world
states. To support this capability, we developed a unified multimodal architecture, an automatic pipeline
for constructing joint text-visual planning supervision from embodied videos, and Rxbrain-Bench for
evaluating visual understanding, visual goal imagination, and joint embodied planning. Experiments
suggest that RxBrain can maintain general multimodal capabilities while beginning to produce plans
with complementary textual and visual components. Meanwhile, action generation based on RxBrain
achieves strong performance on real-world robotic tasks. We hope this work provides an initial step
toward embodied foundation models that move beyond isolated understanding or generation and enable
joint subgoal planning through symbolic and visual representations.

Limitations. While RxBrain demonstrates the potential of joint language-visual reasoning and imagina-
tion for embodied planning, it still has several limitations. First, the current model is relatively small in
scale, which may limit its ability to handle highly complex reasoning, fine-grained visual imagination,
and long-horizon planning. Scaling both the model and the training data is likely to further improve the
quality and consistency of its joint planning outputs. Second, although RxBrain can generalize across
diverse embodied scenarios, fully out-of-distribution environments, embodiments, or task domains still
require additional fine-tuning to achieve better performance. Third, interleaved generation involves
two distinct generative paradigms—autoregressive modeling for text and flow matching for visual
outputs—which introduces discrepancies between training and inference across modalities. Although we
mitigate this issue to some extent by shifting ground-truth VAE latents during training, we have not yet
incorporated reinforcement learning or other sequence-level optimization methods to further align and
improve the interleaved generation process. Addressing this limitation requires further improvements to
both the model architecture and the underlying training infrastructure.

Future work. Future work will focus on two directions. First, we will scale RxBrain to larger model
sizes. We expect larger models to strengthen joint textual-visual reasoning and imagination, enabling
more coherent planning primitives, more accurate world state prediction, and more reliable joint subgoal
planning. Beyond improving the quality of coupled joint subgoal plan representations, we also aim
to enhance the model’s agentic autonomy, allowing it to better decompose open-ended tasks, monitor
progress, revise plans, and interact with environments in a more self-directed manner. These directions
will further move RxBrain toward a more capable embodied cognition foundation model.
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B Data Sources

Section 3 summarizes the corpus by four source categories. This appendix supplements that summary
with per-dataset detail omitted there for space. Each processed source split is described by its collection
setup, why it was included, and the hours retained after the verification of Section 3.2. The final scope
contains 46 splits and 50,177 retained hours, distributed as 20 Real-Robot, 1 UMI, 3 Simulation, and 22
Egocentric Human splits.

B.1 Real-Robot Data

RealOmni-Open. RealOmni-Open contributes over 13 thousand hours of dual-hand household ma-
nipulation collected with a handheld DAS gripper, with fisheye video, trajectories, and tactile signals
(GenRobot, 2025). Its scale and tactile modality extend the corpus with contact-rich household manipula-
tion priors that complement the largely RGB sources, and we use 9,005.9 hours after verification.

JAKA. JAKA data is self-collected on single-arm JAKA platforms, recording RGB observations with
synchronized robot states and actions for deployment-aligned training. We use 2,558.2 hours after
verification.

Xtrainer. Xtrainer data is self-collected on dual-arm Xtrainer platforms for bimanual tasks, recording
RGB observations with synchronized robot states and actions for deployment-aligned training. We use
1,515.9 hours after verification.

RoboMIND. RoboMIND provides 107 thousand real-world trajectories over 479 tasks and 96 object
classes on four embodiments including the Franka Panda, UR-5e, AgileX dual-arm, and a Tien Kung
humanoid, with failure demonstrations alongside successful ones (Wu et al., 2025). Its standardized
collection protocol across embodiments gives consistent cross-embodiment supervision, and we use 888.0
hours after verification.

Galaxea Open-World. The Galaxea Open-World Dataset provides over 500 hours of real-world mobile
manipulation on one uniform embodiment, with subtask-level language annotations across residential,
kitchen, retail, and office scenes (Galaxea Team, 2025). Its diverse scene coverage with consistent
embodiment and fine-grained language annotations makes it a strong source of long-horizon mobile
manipulation supervision, and we use 536.0 hours after verification.

MolmoAct2 RT-1. This processed source split uses RT-1 real-robot manipulation episodes collected on a
mobile manipulator for single-arm tabletop tasks (Brohan et al., 2023b; Lee et al., 2025). We count it as an
independent MolmoAct?2 split rather than inside a bundled source paragraph, and we retain 365.7 hours
after verification.

LET Base / LejuRobot. The LET dataset adds full-size humanoid manipulation teleoperated on Kuavo
platforms across industrial, home, and service scenes (LejuRobotics, 2025). Its humanoid embodiment
complements the arm-centric sources, and we use 318.0 hours from the let_base_dataset production
split after verification.

RoboCOIN. RoboCOIN is a multi-embodiment bimanual dataset of more than 180 thousand teleoperated
demonstrations across 421 tasks and 15 robot platforms, with hierarchical trajectory, segment, and frame
annotations (RoboCOIN Team, 2025). Its broad bimanual coverage across diverse platforms provides
rich cross-embodiment supervision for dexterous two-arm manipulation, and we use 315.9 hours after
verification.

AgiBot World. AgiBot World contributes more than 1 million trajectories across 217 tasks in five domains,
namely domestic, retail, industrial, restaurant, and office, collected on mobile bimanual humanoids with
multi-view RGB, depth, and language annotations for the overall task and each sub-step (Bu et al., 2025).
Its standardized pipeline with human-in-the-loop verification yields high-quality long-horizon data, and
we use 278.7 hours from the AgiBotWorld2026 release after verification.

DROID. DROID is an in-the-wild single-arm dataset of 76 thousand trajectories and about 350 published
hours, collected on Franka Panda robots across 564 scenes and 86 tasks in 52 buildings, with three
synchronized RGB views, depth, calibration, and language instructions per episode (Khazatsky et al.,
2024). Its scene and task diversity makes it a strong source of real gripper-object manipulation under
varied viewpoints, and we retain 255.6 hours after verification.

MolmoAct2 SO100/101. This processed source split covers the SO100/101 robot trajectories released with
MolmoAct2 (Lee et al., 2025). It is counted independently from the other MolmoAct2 robot splits, and we
retain 180.3 hours after verification.

MolmoAct2 BC-Z. This processed source split uses language- and video-conditioned BC-Z manipulation
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trajectories collected by interactive imitation across more than 100 tasks (Jang et al., 2022; Lee et al., 2025).
It is counted as its own MolmoAct2 split, and we retain 148.9 hours after verification.

BridgeData V2. BridgeData V2 contributes 60,096 teleoperated trajectories on a low-cost WidowX
arm across 24 environments and 13 skills, conditioned on language instructions or goal images and
recorded with fixed and wrist RGB-D views (Walke et al., 2023). We include it because its broad task and
environment variation transfers across labs, and we use 109.1 hours from 47,651 annotated trajectories
after verification.

MolmoAct2 Bridge. This processed source split uses BridgeData V2 trajectories through the MolmoAct2
release (Walke et al., 2023; Lee et al., 2025). It is counted separately from the base BridgeData V2 entry
above, and we retain 105.1 hours after verification.

MolmoAct2 DROID. This processed source split uses DROID trajectories through the MolmoAct2 release
(Khazatsky et al., 2024; Lee et al., 2025). It is counted once under Real-Robot Data, separately from the
base DROID entry above, and we retain 50.8 hours after verification.

HumanoidEveryday. HumanoidEveryday contributes humanoid manipulation trajectories with RGB,
depth, LiDAR, tactile streams, and language annotations (Zhao et al., 2025b). Its open-world humanoid
coverage adds an embodiment and sensing configuration not represented by the arm-only sources, and
we use 31.8 hours after verification.

CyberOrigin. CyberOrigin is a self-collected real-robot production split used for deployment-aligned
manipulation supervision. The current project bibliography has no verified external reference for this
source, so we make no broader collection-scale claim and report only the 30.3 hours retained after
verification.

RH20T robot. RH20T contains contact-rich robot sequences spanning many tasks and skill categories on
multiple embodiments, with synchronized vision, force and torque, audio, and proprioception (Fang
et al., 2024). We count its robot stream as an independent processed source split and retain 596.4 hours
after verification.

MolmoAct2 Tabletop. This processed UMI-style split covers tabletop manipulation trajectories from
MolmoAct2 (Lee et al., 2025). We count it separately from the robot MolmoAct2 splits and retain 0.5
hours after verification.

MolmoAct2 Household. This processed UMI-style split covers household manipulation trajectories from
MolmoAct2 (Lee et al., 2025). We count it separately from the robot MolmoAct2 splits and retain 0.6
hours after verification.

B.2 UMI Data

UMI (self-collected). UMI data is gathered with handheld universal manipulation grippers that capture
gripper-object contact from a wrist-mounted view (Chi et al., 2024). We retain 17,505.8 hours of UMI clips
after verification.

B.3 Simulation Data

BEHAVIOR-1K. BEHAVIOR-1K defines 1,000 everyday household activities grounded in 50 scenes with
more than 5,000 annotated objects, simulated in the OmniGibson engine with physics for rigid bodies,
deformable bodies, and liquids (Li et al., 2022). We use it to add scripted and precisely labeled state
transitions that balance the noisier in-the-wild sources, sampling 1,102.4 hours into the corpus.

InternData-A1. InternData-Al is a hybrid synthetic-real manipulation dataset spanning four embod-
iments (InternRobotics, 2025). Its pick-and-place, articulated, and long-horizon tasks add structured
manipulation trajectories at scale, and we use 197.8 hours after verification.

SynData. SynData provides multimodal manipulation clips with egocentric RGB-D, hand joint states,
and fingertip keypoints (PsiBotAl, 2025). Following the production taxonomy used throughout this
report, we count this processed split under Simulation Data and retain 17.2 hours after verification.

B.4 Egocentric Human Data

Ego4D. Ego4D is a massive egocentric corpus of roughly 3,670 published hours of unscripted daily-life
video recorded by more than 900 camera wearers across 74 locations in 9 countries (Grauman et al,,
2022). We draw on its head-mounted hand-object manipulation segments, which expose dense everyday
object-state changes under natural first-person motion, and retain 3,670.0 hours after verification.
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Al Data curated. The ai_data_by keyword_2.9m curated library contains web-sourced RGB clips that
have passed an initial in-house screening. It broadens visual and scene coverage but carries no single
external reference, so we treat it as weak contextual supervision and retain 3,584.5 hours after verification.

Al Data raw. The aidata_raw library is the separate unfiltered web-video pool from the same internal
pipeline. It remains distinct from the curated split because the two rows undergo different source-level
screening, and we retain 1,918.2 hours after verification.

Egocentric-10K. Egocentric-10K is a large release of about 10,000 published hours of first-person factory
video from over 2,000 workers, with unusually high rates of visible hands and active manipulation (Build
Al, 2025). It adds industrial hand-object work that household sources rarely cover, and we use 1,300.0
hours after verification.

EgoVerse. EgoVerse is imported as a dedicated egocentric production split and contributes long-form
first-person activity video to the open-world human-data pool. The current project bibliography contains
no verified EgoVerse citation, so we report only its role in the pipeline and the 1,132.8 hours retained
after verification.

EgoDex. EgoDex is a large-scale dexterous manipulation dataset of 829 published hours of 30 Hz
egocentric video with 338 thousand demonstrations over 194 tabletop tasks, collected with Apple Vision
Pro and carrying paired 3D hand and finger tracking with upper-body pose (Hoque et al., 2025). We
include it because its precise per-frame hand pose gives a strong bridge from human demonstration to
gripper control, retaining 829.0 hours after quality verification.

Xperience. Xperience is a head-mounted first-person video source retained as a distinct production
split. Because the current project bibliography contains no verified citation for it, we avoid attributing
unverified release-scale details and report the 800.0 hours retained after verification.

Something-Something V2. Something-Something V2 provides 220,847 short clips of templated object
manipulations (Goyal et al., 2017). Its label design forces a focus on temporal dynamics rather than static
appearance, which suits short state-transition supervision, and we retain 240.0 hours after verification.

Ego-Ex04D. Ego-Exo4D provides about 1,286 published hours of time-synchronized first- and third-
person video of skilled activities across cooking, repair, sports, and music, recorded by 740 participants
across 13 cities (Grauman et al., 2024). Its paired ego and exo views give cross-view supervision for the
same action, and we use 155.1 hours after filtering.

EPIC-KITCHENS-100. EPIC-KITCHENS-100 records 100 published hours of unscripted kitchen activity
in 45 home kitchens, with roughly 90 thousand densely segmented action instances labeled with verbs
and nouns (Damen et al., 2022). Its dense cooking, cleaning, and storage interactions add a fine-grained
action vocabulary, and we retain 91.2 hours after verification.

EgoMe. EgoMe contributes 7,902 paired exocentric and egocentric videos, about 82 published hours,
that record a person first observing and then imitating a demonstrated action (Qiu et al., 2025). The
observe-then-imitate structure links third-person intent to first-person execution, and we use 43.9 hours
after verification.

CaptainCook4D. CaptainCook4D adds egocentric cooking recordings with both correct executions and
deliberately induced errors (Peddi et al., 2024). The error cases are useful for modeling deviations from a
plan rather than only successful trajectories, and we use 39.4 hours after verification.

HD-EPIC. HD-EPIC adds 41 published hours of kitchen video in 9 kitchens with highly detailed annota-
tions grounded in 3D, including recipe steps, fine-grained actions, audio events, and object movements
(Perrett et al., 2025). Its dense labels give clean action and object references for state-transition supervision,
and we retain 38.1 hours after verification.

HoloAssist. HoloAssist records 166 published hours of two-person assistive manipulation across 20
object-centric tasks, captured in mixed reality with seven synchronized streams including RGB, depth,
hand pose, and eye gaze (Wang et al., 2023). Its mistakes and corrective interventions enrich the action
distribution beyond clean demonstrations, and we use 32.2 hours after verification.

HOT3D. HOT3D offers egocentric multi-view recordings captured with Project Aria and Quest 3 and
supplies 3D hand and object tracking (Banerjee et al., 2025). Its tracked hand-object interactions add
contact-rich state changes, and we use 5.5 hours after verification.

TACO. TACO is a bimanual tool-action-object dataset pairing third-person and egocentric views with 3D
hand and object meshes and action labels (Liu et al., 2024). Tool use broadens contact types and object
functions beyond bare-hand grasping, and we use 3.0 hours after verification.

ARCTIC. ARCTIC records dexterous bimanual manipulation of articulated objects from synchronized
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third-person and egocentric views, with 3D hand and object meshes and dense dynamic contact (Fan
et al., 2023). It is a clean source for contact-rich state changes such as opening and closing, and we retain
2.3 hours after verification.

HOI4D. HOI4D provides 2.4 million RGB-D egocentric frames over 4,000 sequences, with panoptic and
motion segmentation, 3D hand pose, category-level object pose, and hand action (Liu et al., 2022). Its
category-level coverage gives structured object-state supervision that raw video lacks, and we use 0.9
hours after verification.

HO-Cap. HO-Cap captures uni- and bimanual hand-object interactions with synchronized RGB-D and
per-frame 3D hand and object pose (Wang et al., 2025a). Its pose-rich interactions complement the larger
but weakly labeled video sources, and we use 0.6 hours after verification.

TASTE-Rob. TASTE-Rob provides 100,856 egocentric hand-object interaction videos, each aligned with a
language instruction and recorded from a fixed viewpoint for interaction clarity (Zhao et al., 2025a). Its
instruction-aligned clips suit clean language-to-interaction supervision for our planning formats, and we
use 2.6 hours after verification.

RH20T human. RH20T pairs its robot sequences with human demonstration video for the corresponding
tasks (Fang et al., 2024). We process that human-view stream separately from the robot stream and retain
98.4 hours after verification.

OakInk2. OakInk2 organizes 627 sequences of bimanual hand-object manipulation into three levels,
namely affordance, primitive task, and complex task (Zhan et al., 2024). Its multi-view images with body,
hand, and object pose annotations supply hierarchical task structure for long-horizon supervision, and
we use 74.6 hours after verification.

C Additional Data Construction Details

C.1 Temporal Segment Annotation Method Details

This appendix expands the three-step Temporal Segment Annotation pipeline of Section 3.1 with the full
notation, derivations, and algorithmic detail that the main text compresses for space. The step order below
follows the pipeline of Figure 5: a problem setup that fixes the segment representation, a content-adaptive
keyframe sampler, a single global parse that proposes candidate steps, and a bidirectional boundary
refinement that turns each coarse step into precise visual anchors. Throughout, a single multimodal large
language model, written ®, makes every semantic decision, so the module is one annotator queried with
different prompts rather than a stack of specialized detectors.

Problem setup and notation. A raw video is an ordered sequence of frames V = (fj, ..., fi) recorded
at v frames per second, so frame f; carries the timestamp 7; = j/v and the clip has duration T = N/v. A
keyframe is a frame index retained for inspection, and a candidate step is an action phrase proposed for
the whole clip. We define the annotation target from the bottom up, fixing the smallest unit first and then
nesting it into the segment representation and the full per-video sequence.

* Atomic planning step (smallest unit). Following the annotation prompt, an atomic planning step is
one individual execution of a single manipulation whose effect is a clearly visible change of object
state. Grounding the unit on a visible state change keeps each atomic planning step aligned with the
state transition that RxBrain learns to predict, so it serves as one supervision unit for the world model.

* Segment (one localized atomic planning step). A segment pins one atomic planning step to
the two frames that expose its state change and attaches its supervision, giving the tuple S; =
(I3tart, Ifnd, a;, d;, m;) of Equation 1, whose components are fixed as follows.

- Iftart and Il-end are the start and end anchors, namely the two frames of V' that bound the visible state
change.

— a; is the short step name of the atomic planning step.
- d; is the detailed textual description of that step.
- m; is metadata recording the dataset identifier, the camera viewpoint, the action index, and the
temporal location.
* Annotation of a video (ordered sequence). The annotation of V is the temporally ordered sequence

of segments {S;}M . Repeated executions of the same manipulation appear as separate segments,
and neighboring segments may overlap after independent boundary refinement while retaining their
chronological indices.
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Each §; therefore corresponds to exactly one atomic planning step. Quality Verification consumes S;, may
correct its detailed description d;, and passes retained segments to Segment Structuring (Section 3.3). The
rest of this appendix explains how this sequence is produced from weak video alone, by first proposing
candidate steps over the whole clip and then refining each one to its anchor frames.

Content-adaptive keyframe sampling. A long clip holds far more frames than the annotator can read at
once, and uniform sampling wastes this budget on static intervals while still missing brief manipulations,
so we place keyframes where the visual content actually changes. We first decode the clip at a reduced
rate vs = min(4,v), downscale each decoded frame to 192 x 108 and convert it to the LUV color space
through an operator ¢, then measure the motion between consecutive decoded frames f;, |, f;, as the
mean absolute LUV difference

5 = |§)| Y |o(F) ] — ()], (14)

ueQ)

where () indexes the downscaled pixel-channel grid. We smooth ¢ with a moving average of odd width

near 0.5v to suppress per-frame flicker, and we mark a frame as an anchor when its smoothed score 4 is a
local maximum that exceeds the adaptive threshold

05 = max(Qp, (), Qus(d) + B [Qpy (8) — Qos(8)]), (15)

in which Q,, denotes the p-quantile of the smoothed scores, pj, a low-quantile floor, py,; a high quantile,
and B a margin coefficient. This makes 05 a per-clip robust statistic with the median Q5 as a baseline,
the gap between Q,,. and the median as an adaptive dispersion margin scaled by , and the floor Qp,
guarding low-activity clips against noise-driven fragmentation. We then prune anchors greedily under a
minimum spacing Amin keeping higher ¢ first, always insert the first and last frames, fill any temporal
gap wider than gmax by interpolation so long static stretches stay represented, and cap the anchor set K
at Amax frames. For the global parse we uniformly subsample K to n keyframes G C K, bounding the
model context while preserving chronological coverage of the whole clip. In practice we set pj, = 0.8,
Pri = 09, B = 0.2, Apin = 0.25, gmax = 0.5, Amax = 50, and n = 30, empirical constants applied
uniformly to every source rather than values from an optimality criterion.

MLLM global action parsing. With the keyframe set G fixed, the annotator receives the n global
keyframes in chronological order, numbered 0 to n — 1, and returns in one pass a one-sentence summary,
a verb-object goal, the camera viewpoint, a binary annotatability flag, and an ordered list of candidate
steps. Each candidate step ¢; = (a;,d;, p;, q;) contains a short step name 4;, a detailed description d;, and
start and end indices p; and g; in G, with 0 < p; < g; < n — 1. The prompt holds each candidate to the
atomic-planning-step definition above and enforces q; < p;;1, so the coarse index ranges are ordered and
non-overlapping. This constraint applies only to the coarse candidates and does not prohibit overlap
between the final independently refined segments. When the annotatability flag is false, for instance
when the manipulated object is too small or the scene is too cluttered or dark to track a state change, the
model returns an empty step list and the clip yields no segments. Otherwise each c; is lifted to a coarse

segment S; by mapping its keyframe indices back to the frame identifiers and timestamps carried by G.

Local candidate-frame boundary refinement. A coarse segment S; inherits the timestamps of sparse
keyframes, so its boundaries are biased away from the true transition, and we make this bias precise for
the action onset. Let j* be the true onset, namely the first frame at which the manipulated object has
visibly changed. Because the global parse may place a boundary only on a sampled keyframe in G, and
because the annotator can report a change only once the new state is visible, the coarse onset is the first
sampled keyframe at or after j*,

fo=min{j€G : j> [} > " (16)

s0 jo is an upward-biased estimate of j* whose expected error scales with the keyframe spacing rather
than with the frame period. Conditioning on history alone cannot remove this bias, since a labeler that
reads only frames up to a candidate boundary keeps the previously observed state until the change
is unambiguous, which can only push the estimate later. The remedy is to bracket each boundary
with a dense window of frames that straddle it and to relocalize it among these candidates while the
opposite anchor is shown in the same prompt for reference, which replaces the keyframe spacing in
Equation 16 by the much finer candidate spacing and pulls the estimate back toward j*. The offset is
treated symmetrically, so refinement recovers a tight anchor pair around the genuine state change instead
of the inflated coarse window.

Algorithm 1 states the procedure for one segment, with the same annotator ® invoked under an end-
selection prompt @4 and a start-selection prompt Pgtart. Both prompts receive the short step name
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Algorithm 1 Bidirectional boundary refinement for one segment S;

Require: coarse bounds 7°, 7¢; short step name a;; detailed description d;; video V (T's, v fps, N frames);
candidate count 7.; annotator ®; next-segment start 7; L (=T if none)
Ensure: anchor pair (I5%, [end) with [start < Jend
1: A < max(0.3, ¢ — %)
2: sample 7, frames E from [t°40.3A, min(7°+0.54, T)]; IienCl — D4 (7%, E, a;, d;) > look-ahead past
coarse end
3: sample 71 frames B from [max(0, T°—0.5A), T5+0.7A]; It q)start(lie“d, reverse(B), a;, d;) >
look-back before coarse start
if [¥tart > Jend then
swap [5tart and [¢nd > enforce temporal order
end if
if [rert = Il.encl then > degenerate: extend end to avoid zero-length segment
I < min(| 75, - v]—1, N—1) if later segment exists, else min(I3*@"+round(v), N—1)
end if
return ([5trt, Jend)

1

Table 5: Review items in Quality Verification. Each row pairs a check item with the failure or reject
reason it captures, grouped into semantic quality, visual grounding, and consistency between the text
and visual transition.

Failure or reject reason
Check item )

Semantic quality

Single atomic planning step with clean Clip mixes steps, has unclear boundaries, or runs too long to bound the transition
boundaries

Manipulated target clearly visible Target is too small, occluded, poorly lit, or lost in a cluttered background
Frame free of overlays and edits Subtitle, watermark, logo, or an editing cut contaminates a frame

Detailed description matches the anchors d; disagrees with the frames or is too weak to verify against them

Genuine action with a unique end state No physical action occurs, or the end state is ambiguous

Both anchors readable A start or end anchor is missing or cannot be read

Visual grounding

Hand presence in each anchor Hand or gripper visibility that the consistency check compares against the text
Robot arm presence Robot arm or gripper visibility recorded for downstream filtering

Object-exit status Unintended loss of the target rather than an intended exit at completion

Consistency

Both frames valid and same scene A frame is blank or single-color, or the two frames share no common scene
Stable camera viewpoint Camera viewing direction shifts between the two anchors

Upright camera orientation Camera orientation is inverted or gravity-defying

Description consistent with the scene d; contradicts the object identity, count, position, direction, or state change
Hand changes reflected in text Hand or gripper visibility changes but d; omits it

a; and the detailed description d;. We refine the end before the start, because the action is easiest to
recognize once its completed state is fixed, and the recovered end then anchors the search for the start
over the n, = 8 candidates of each window straddling the coarse boundary. The two selections are
sequential within one segment, while different coarse segments may be refined in parallel.

Two checks keep each emitted segment well formed. The order check in Algorithm 1 places I$*' before

Iie“d, while the degenerate-expansion branch prevents the anchor pair from collapsing onto one frame.
These checks act within each segment and do not impose cross-segment non-overlap. The output retains
the chronological candidate order, but adjacent segments may overlap after independent local refinement.
Because each step retains exactly one start anchor and one end anchor, the module emits one state-
transition pair per step rather than a dense per-frame label map. The two anchors are rendered from the
source video at native resolution so downstream training does not inherit the reduced resolution used
during annotation.
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C.2 Quality Verification Review Items

Table 5 expands the Quality Verification summary in Section 3.2 into the review items used to inspect
each pre-verification segment S;. Semantic quality checks whether one observable state transition is
localized and described correctly by d;. Visual grounding records whether hands or grippers, robot arms,
and manipulated objects are available for filtering, while consistency checks frame validity, viewpoint
stability, and agreement between d; and the visual transition.

Quality Verification consumes S; and retains segments with reliable anchors and valid state changes.
When the visual transition is valid but d; is inaccurate or incomplete, the verifier corrects d; instead of
discarding the segment. Segment Structuring consumes only the retained segments after this verification
step. Pairs that are invalid, ambiguous, corrupted, or inconsistent are rejected.

D Per-Scene Taxonomy Statistics

The following figures show the per-scene segment distribution for each of the fourteen scene categories
in the pretraining corpus. Each chart displays the action-subtype breakdown within that scene, with
wedge area proportional to the number of verified trainable segments.
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Figure 11: Per-scene taxonomy sunburst charts (14 scene categories). Each panel is one self-contained
chart for a single scene category, flowing left-to-right and top-to-bottom across three columns (and across
pages as needed). The colored center disc names the scene category; the ring around it is divided into
wedges, one per action subtype observed in that scene, with wedge angle proportional to the subtype’s
share of verified trainable segments (very small subtypes are padded to a minimum wedge width so
their labels stay legible); the thin outer ring repeats the same wedges and annotates each with its exact
segment count. Reading any single chart therefore gives both the relative composition and the absolute
segment count of every action subtype within that scene category.

E Training Configuration and Data Mixture

Table 7 summarizes the optimization and sequence-packing configuration for the two training stages:
large-scale pretraining (Stage 1) and supervised fine-tuning (Stage 2). Stage 1 initializes all modules of
HY-Embodied-0.5 as trainable and emphasizes the flow-matching generation loss (Acg=0.25, App=1.0);
Stage 2 resumes from the Stage 1 final checkpoint and balances the two losses (Acp=Apy=1.0), with a
lower peak learning rate, a longer packed sequence, and a smaller per-device batch. Both stages use
AdamW (weight decay 0.01), a cosine schedule, bf16 precision with ZeRO-2, a 16 x-downsampling VAE
at < 256 px generation, flow-matching timestep shift 1.0, and 0.1 classifier-free-guidance text-condition
dropout.

Table 6: Stage 1 data mixture. Two buckets mixed at integer ratio 6:4 (X=10); the per-step share is each
bucket’s ratio divided by 10.

Bucket Content Scale Ratio Per-step share
b0 Text-to-image (LAION + COYO) 202.5M 6 60.0%
bl Understanding (LLaVA-OV-1.5 + MAmmoTH) 113.4M 4 40.0%

Data mixture (Stage 1). The Stage 1 corpus is drawn from two buckets mixed at the integer ratio 6:4
(X=10), which sets each bucket’s expected share of optimization steps (Table 6). In contrast to Stage 2, the
Stage 1 mixture is deliberately generation-heavy so as to bootstrap the flow-matching path: web-scale text-
to-image pairs (b0; 202.5M pairs from LAION and COYO) are the larger source at 60.0%, while a single
large-scale vision—language understanding bucket (b1; 113.4M examples—the LLaVA-OneVision-1.5
mid-training corpus together with LLaVA-OneVision-1.5-Instruct and the MAmmoTH SI/OV collections)
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supplies the remaining 40.0% to co-train the understanding path from the outset. The text-to-image
bucket is sampled length-source.

Table 7: Training hyperparameters for the two stages. Stage 1 is large-scale pretraining from HY-
Embodied-0.5; Stage 2 is supervised fine-tuning resumed from the Stage 1 checkpoint. Global batch =
per-device batch x gradient accumulation x GPUs.

Hyperparameter Stage 1 (Pretraining) Stage 2 (SFT)
Initialization HY-Embodied-0.5 (all modules trainable)  Stage-1 final checkpoint
Loss weights (Acg, Apvm) 025/1.0 1.0/1.0

Optimizer AdamW (weight decay 0.01) AdamW (weight decay 0.01)
Peak learning rate 2x107% 6.5 x 107>

LR schedule cosine, 800 warmup cosine, 1050 warmup
Per-device batch 20 10

Gradient accumulation 1 1

GPUs (nodes x 8) 368 (46 x 8) 312 (39 x 8)

Global batch 7,360 3,120

Precision / parallelism bfl6 / ZeRO-2 bfl6 / ZeRO-2

Epochs 1 1

Max sequence length 8,192 9,216

Understanding pixel budget 1,048,576 524,288

Generation resolution < 256 px (VAE downsample 16) < 256 px

Timestep shift (flow) 1.0 1.0

CFG text-cond. dropout 0.1 0.1

Data mixture (Stage 2). The Stage 2 corpus is drawn from six buckets mixed at the integer ratio
100:12:150:70:90 (X=422), which sets each bucket’s expected share of optimization steps (Table 8). The
mixture is deliberately understanding-heavy: general and embodied understanding (b2) is the single
largest source at 34.6%, and the two embodied generative buckets—multi-frame world-model prediction
(b3) and interleaved planning (b4)—together account for 37.0%, while text-to-image data (b0, b1) preserves
general image-generation quality. Understanding buckets are sampled length-source.

Table 8: Stage 2 data mixture. Six buckets mixed at integer ratio 100:12:150:70:90 (£X=422); the per-step
share is each bucket’s ratio divided by 422.

Bucket Content Scale Ratio Per-step share
b0 T2I base (BLIP3o0 cascade-filtered) 12.0M 100 23.1%
bl T2I premium (BLIP30-60k + Self-Build T2I dataset-690k) 0.75M 12 2.8%
b2 Understanding / MMU (spatial CoT + knowledge + pointing)  20.8M 150 34.6%
b3 Embodied multi-frame world model 8.5M 70 16.2%
b4 Embodied interleaved planning 10.3M 90 20.8%

F RxBrain-Bench: Generation-Side Evaluation Protocol

This appendix details the evaluation methodology for the two generative tracks of RxBrain-Bench—
interleaved planning (IL) and multi-frame video generation (MF)—including the task definitions, the
VLM-as-judge protocol and rubrics, the local perceptual pass, and how each baseline is composed into a
comparable generator.

Task definitions and scale. L (interleaved planning) takes an observation (1-3 current-scene frames)
and a task instruction, and produces an interleaved plan [(subtask text;, goal image, ), ...]: at every step
the model emits both the next subtask in language and the goal image depicting the state after that
subtask. The held-out set contains 4,756 trajectories across 11 datasets (jaka, egodex, xtrainer, tasterob,
taco, umi, egodex_full, arctic, bridgev2, let, let_base), with planning depth n=1-5 (counts 11 =1536,
npy=749, n3=366, 14=1366, n5=739). For cross-model comparison we draw a balanced_subset (seed=0)
of 540 records stratified by dataset x depth, so all agents are judged on the identical records. MF (multi-
frame generation) takes an observation (1-4 frames) and an instruction and produces a short opening text
plus N continuous future frames depicting the frame-by-frame unfolding of a single action (a motion
clip, not a multi-step plan). The held-out set contains 1,116 continuous trajectories, each with exactly 4
ground-truth keyframes (3 intermediate + 1 end).
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Judge protocol. Both tracks are scored by a GPT-5.5 VLM-as-judge (Azure Responses API), with one
multi-image call per record that is forced to emit a JSON schema of per-criterion scores in [0,1]; we
average votes=2 independent calls. All images are resized to a longest side of 512 px before upload to
bound token cost. The IL judge (Table 9) receives the task, the observation frames, and per step the GT
subtask text, the model subtask text, the GT goal image, and the model-generated image; the MF judge
(Table 10) receives the task, the observation, the model-generated frame sequence, and the GT future
frames.

Table 9: IL judge rubric (weighted sum S;ja,). The first five criteria are scored by GPT-5.5; image

similarity is supplied by the local perceptual pass (DINO cosine). Per-step criteria are averaged over the
steps of a record.

Weight  Criterion Granularity =~ What it measures

10%  observation_understanding record whether the plan reads the current obs state
correctly

25%  subtask_planning per-step whether each subtask is a reasonable next action

25%  goal_image_correctness per-step whether the generated image depicts the subtask
goal state (vs. GT goal)

20%  subtask_goal_consistency per-step whether the generated image matches the
model’s own subtask text

10%  chain_completion record whether executing the full chain would complete
the overall task

10% image_similarity per-step local DINO cosine

Table 10: MF judge rubric (weighted sum Sgen). MF is a single action, so all five criteria are record-level.

Weight Criterion What it measures
15%  observation_continuity = whether the first generated frame continues the obs naturally
30%  action_correctness whether the frames execute the instructed action on the correct object
20%  goal_completion whether the final frame reaches the task’s implied goal state
20%  temporal_plausibility whether inter-frame motion is smooth and physically plausible
15%  gt_trajectory_match whether the generated sequence matches the GT future at the action
level

Perceptual pass. For every (GT, generated) frame pair we compute LPIPS, CLIP cosine, and DINO
cosine locally on CPU; the DINO cosine is used as the IL image_similarity term. Because Sy, is a fixed-
weight sum that simply drops a missing term without renormalizing, a record whose perceptual pass has
not run forfeits the full 10% image-similarity weight rather than redistributing it; the perceptual pass
must therefore precede judging for every record. To hide latency, generation (GPU-bound) is overlapped
with the perceptual pass (CPU) and the judge (API): a rolling driver launches perceptual —+judge on each
batch of ~ 70 completed records, de-duplicating by a unique per-record key so no record is judged twice.

IL baselines: composing agents into interleaved planners. The judge is architecture-agnostic: any
pipeline that emits a (text, goal image) pair per step can be scored by the same rubric. Each baseline is a
REASONER (scene — stepwise text) plus a GENERATOR (subtask + previous frame — goal image) run
under free-running rollout—the step-k goal image is conditioned on the step-(k—1) generated image (step
0 on the last obs frame), which is exactly the error-cascading regime the judge scores.

* Qwen-Agent (Sp1.,=0.431): a heterogeneous pair of specialist models. Reasoner Qwen3-VL-2B-
Instruct (greedy, prompted to emit exactly n steps); generator Qwen-Image-Edit as standard img2img
editing (image=previous frame, prompt=subtask, cfg=4.0, 40 steps). The generator has no end-to-end
goal modeling, giving the lowest goal-image and image-similarity scores.

* Cosmos3-Nano (Spjan=0.522): a single omni model run in two passes. The reasoner is a plain VLM
chat call; the generator cannot produce an obs-conditioned single image (its pure-image mode is
text-to-image and discards the conditioning frame), so we instead generate a short image-to-video
clip (first frame = previous image, 17 frames, 30 steps, cfg=5.0) and take its last frame as the goal
image. Because the chat and video services are mutually exclusive, planning and generation run as
two separate service passes.

* BAGEL-7B-MoT (5p14,=0.503): a single unified model in one local pass—the simplest of the three.
The reasoner is the understanding path of interleave_inference; the generator is BAGEL's native
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image editing, where the previous frame’s VAE latent enters the generation context and the classifier-
free-guidance image scale (cfg_img=2.0, with cfg_text=4.0, timestep shift 3.0, 30 steps) pulls sampling
toward the obs-conditioned prediction—no image-to-video detour is needed.

Overall Cosmos3-Nano (0.522) > BAGEL (0.503) > Qwen-Agent (0.431): both unified omni models beat
the heterogeneous pair, and the stronger reasoner (Cosmos3-Nano) converts its advantage into a higher
planning score, whereas BAGEL's native editing yields the best image—text consistency of the three.

MEF baselines: continuous video generation. MF needs no reasoner—only obs 4 instruction — video.
Both baselines are image-to-video models that natively accept a single first frame, so both use the obs last
frame (the GT ty anchor) as the first frame with the instruction in the prompt, generate a continuous clip,
drop the first frame, and evenly subsample 4 frames aligned to the GT’s 4 keyframes.
* Wan2.2-T12V-5B (Sgen=0.397): a general-purpose 12V diffusion model (49 frames). It has the strongest
observation continuity (0.73) but weak action correctness (0.39)—the characteristic gap of a general
video model on fine-grained embodied manipulation (visual fluency # correct action).

* Cosmos3-Nano (Sgen=0.575): an embodied omni world model served as an 12V endpoint (first frame
+ prompt). Its advantage is concentrated in action semantics—action correctness 0.60 vs. Wan’s 0.39.

Cosmos3-Nano (0.575) leads Wan2.2-TI2V (0.397) across the board, with the gap driven mainly by action
correctness and goal completion.

Section 3 summarizes the corpus by four source categories. This appendix supplements that summary
with per-dataset detail omitted there for space. Each processed source split is described by its collection
setup, why it was included, and the hours retained after the verification of Section 3.2. The final scope
contains 46 splits and 50,177 retained hours, distributed as 20 Real-Robot, 1 UMI, 3 Simulation, and 22
Egocentric Human splits.

G Inference Acceleration for Real-Robot Deployment

In real-robot experiments the policy is served through the asynchronous inference stack of HyVLA-
0.5 (Zhang et al., 2026). Because the unoptimized model has high per-step latency, asynchronous
serving injects observation lag that surfaces as jitter and degrades fine manipulation, motivating the
infrastructure-level acceleration described here. Every optimization is constrained to be numerically
lossless at the single-trajectory level: for each candidate we run an open-loop ground-truth rollout over
a full trajectory, overlay the predicted end-effector trajectory against ground truth per dimension, and
quantify position, orientation, and gripper error. An optimization is accepted only when its fitted curves
and errors match the baseline, after which we compare its latency.

The policy generates an action chunk by iterating a flow-matching Euler ODE. Each forward pass
processes a fixed prefix of ~ 989 tokens (text, vision, and proprioceptive state) together with a 16-token
action chunk, and one prediction requires K forward passes (K=2 at deployment). Profiling attributes the
210 ms baseline not to matrix multiplication but to Mixture-of-Transformers (MoT) modality dispatch:
every layer recomputes the text/vision/action token routing via nonzero(modality mask==k), so a
single forward triggers ~ 1091 aten: :nonzero calls (174 ms CPU), compounded by index_put_ (48 ms),
index (27 ms), and copy- (21 ms). The boolean indexing and .any () guards force repeated GPU—CPU
synchronization and fragment the kernel stream, serializing the pipeline. Because the token modality
layout is fixed per request, this routing can be computed once and reused.

Table 11: Per-frame inference latency. All configurations are numerically equivalent within the bf16
rounding level (position < 0.65 mm, orientation < 0.73°).

Configuration Latency (ms) Speedup
Baseline (per-layer boolean dispatch) 210 1.00x
+ prefix KV cache & action-only decode (lossless)
+ de-synchronized dispatch & CUDA graph 143 1.47x

We therefore apply three lossless optimizations. (i) Prefix KV caching: the prefix is invariant across
the K ODE steps, so we run it once per observation, cache the per-layer keys and values, and reuse
them, avoiding recomputation over the ~ 989 prefix tokens. (ii) Action-only fast decoding: given the
cached prefix, each ODE step forwards only the 16 action tokens—attending as queries over the cached
prefix and evaluating only the action-expert FEN—reducing per-step cost from O(989+16) to O(16).
(iii) De-synchronized modality dispatch (the largest single gain): we cache the precomputed integer
routing indices keyed by id(modality mask) and reuse them across all 32 layers, and replace boolean
indexing with index_select (gather) and index_copy- (scatter). The rewrite is numerically equivalent
(ascending indices, identical write-back positions) and removes the per-layer nonzero calls and their
synchronization. Finally, the fixed-shape decoding step is captured and replayed with a CUDA graph to
eliminate per-kernel launch overhead.
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Table 11 summarizes the result. The combined optimizations reduce per-frame latency from 210 ms to
143 ms (—32%, 1.47 x) while keeping the output numerically equivalent to the baseline (position deviation
< 0.65 mm, orientation < 0.73°, i.e. at the bf16 rounding level), satisfying the latency budget for real-time
closed-loop control. We further verified that FP8 quantization and image-token reduction yield no net
gain at this model scale (hidden size 2048), making 143 ms the lossless latency floor.
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