
Isaac 0.5: Percepts Scale Control

Abstract

We introduce Isaac 0.5, a 36B-parameter open-weight embodied foundation model that uni-
fies video perception, embodied visual reasoning, and robot control in one sparse backbone.
Every output reads from one shared representation: the model emits language and ground-
ing outputs, discrete FAST action tokens, and continuous actions through a dedicated Flow
expert conditioned on backbone states. We also introduce null-expert routing, which lets
each token use 0 to 8 of the model’s 256 routed experts as needed.

The scale and composition of its cotraining distinguish Isaac 0.5. Teleoperation provides
direct control supervision, but every accepted hour occupies a robot, an operator, and task-
specific infrastructure. Video is cheaper and more abundant but lacks robot actions and
proprioception. To learn from it, Isaac 0.5 uses a proprietary self-supervised video objec-
tive that predicts the semantic content of future observations from preceding frames. We call
the predicted task-relevant visible states and changes percepts. Its targets are constructed
automatically from video, without human annotation or action labels; the target construc-
tion and loss implementation remain proprietary. Isaac 0.5 trains future-percept prediction,
video perception, embodied visual reasoning, and control jointly. Video and autoregressive
action supervision update the shared representation, while continuous actions train a Flow
expert conditioned on its states. To our knowledge, this is the first study to scale general
action-free video to one million hours alongside egocentric, handheld-gripper (UMI), and
robot data.

Increasing general video from 1,000 to one million hours at a fixed 80:30:30 ratio of gen-
eral, egocentric, and UMI video moves the within-grid teleoperation crossing for a well-
calibrated offline action-loss threshold from 5,884 hours to 28, a 210.3× reduction. The
adjacent measured teleoperation rungs bound this ratio at 83 to 300×. Additional video
reduces action loss more when paired with more teleoperation data. We release the weights,
inference and adaptation code, evaluation settings, and robot-specific deployment configu-
rations for more than 35 embodiments represented in training.

1 Introduction

Isaac 0.5 is an open-weight embodied foundation model built on a single 36B-parameter sparse
backbone. The model emits language, grounding, and FAST-tokenized discrete actions directly
from its hidden states, and continuous actions through a dedicated Flow expert and diffusion trans-
former (DiT) conditioned on those same states. Perception, embodied reasoning, and control all
train through that shared representation rather than through a policy hanging off a frozen encoder, so
structure learned from visual data can reach the control outputs.

Our central question is whether inexpensive, action-free video can reduce reliance on teleoperated
robot data. General video samples the visual world broadly but usually carries no explicit robot
actions, proprioception, or dynamics. We test it as a primary scaling axis alongside egocentric,
handheld-gripper (UMI), and robot data, scaling it to one million hours.

We learn from that video with a proprietary self-supervised objective that predicts the semantic con-
tent of future observations from preceding frames. We call a predicted task-relevant visible state or
change a percept: an object is now grasped, a drawer is open, or a contact is about to occur. The
term describes what the objective predicts, not how its targets are constructed. The targets come
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from future video observations without human annotation or action labels; their construction and
the loss implementation remain proprietary. General video takes the largest share of the video mix-
ture because these percepts appear beyond robot data. Since every interface reads from the shared
representation, the structure learned from video is available to the action interfaces.

We hold the general:egocentric:UMI video composition at 80:30:30 and scale all three streams
against teleoperation. At the primary offline action-loss threshold, increasing general video from
1,000 to one million hours moves the within-grid teleoperation crossing from 5,884 to 28 hours,
a factor of 210.3×. The adjacent measured teleoperation rungs bound this ratio at 83× to 300×.
The exchange is conditional, not uniform: the empirical loss-versus-video slope is nearly flat at one
teleoperation hour and stabilizes near −0.21 loss for each 10× increase in video from roughly 100
teleoperation hours onward.

The paper makes four contributions:

• A unified, open-weight, multi-embodiment foundation model spanning perception, embod-
ied reasoning, and control. We introduce Isaac 0.5 and release its weights, inference and adap-
tation stack, evaluation suites and settings, and robot-specific deployment configurations for 35+
embodiments represented in training.

• An embodied-first sparse architecture. We extend zero-compute null-expert routing (Kilian
et al., 2026) through the shared backbone that serves perception, embodied reasoning, and control,
so the text, image, state, and action tokens of one embodied sequence draw different amounts of
routed work. We complement the architecture with an interpretability study of learned expert
allocation, showing where adaptive routed computation is most useful across tasks and phases.

• New data scaling laws for embodied foundation models. We establish how action-free video
and teleoperation scale together. Within the measured range, scaling the fixed-ratio general, ego-
centric, and UMI video mixture reduces the teleoperation required to reach a well-calibrated
offline action-loss threshold (τ = 2.50) by a factor of 210.3×, with an endpoint bracket of 83×
to 300×. Per-rung slopes show that video becomes more effective once the recipe includes suf-
ficient action grounding.

• A stall-resistant, high-MFU system for million-hour video training. Predictive shard stream-
ing, node-shared downloads, process-isolated decoding, best-fit multimodal packing, vision-
token balancing, and compacted sparse execution keep the million-hour mixture flowing without
optimizer stalls. End-to-end model FLOPs utilization (MFU) reaches 24% in the released hyper-
sparse setting, where null routing leaves 2.5B of 36B active per token, and 48% in a dense setting
whose recipe and weights fall outside this release (Chowdhery et al., 2023).

2 Data

The data recipe has to solve two different coverage problems. The first is visual: the model must
recognize objects, geometry, contact, state change, and task progress across far more settings than
can be recreated around a robot. The second is operational: it must connect those observations to
actions expressed through a particular control interface. No single source provides both kinds of
coverage at scale. General video is broad but action-free. Egocentric recordings bring the camera
close to hands and contact, while UMI-style handheld grippers add device motion and timing without
requiring a deployed robot (Grauman et al., 2022; Chi et al., 2024). Robot trajectories provide the
strongest action grounding, but they are tied to an embodiment and are costly to collect.

We therefore treat the sources as complementary supervision rather than interchangeable examples.
Broad visual data teaches recurring states and changes; interaction-centered video narrows the gap
between observing an event and understanding how it unfolds; robot data supplies the state and
action interface needed for control. The shared representation and typed training path in Section 3
let these sources train together without pretending that an absent action field is a negative action
label. Section 4 later isolates one controlled tradeoff within this recipe by varying the linked general,
egocentric, and UMI video mixture against teleoperation. The present section describes the larger
529-stream mixture, not just that experimental grid.
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2.1 Mixture composition and exposure

Our mixture has 529 source streams. Direct draw mass is split between two top-level components:
perception and embodied reasoning, and robotics-oriented data. The perception component spans
general video, visual question answering, spatial grounding, documents, captioning, and other in-
struction data. The robotics component spans high-quality teleoperation, broader robot interaction,
and interactive or simulated experience. This division is an accounting boundary, not a claim that
perception and control are separate in the model. Both components update the shared training system
described in Section 3.

Mixture size can be reported in several valid but non-equivalent units. Let qs be the probability mass
assigned to source stream s, and let Ns be the number of packed tokens attributed to that stream in
the accepted recipe ledger. For category c,

qc =
∑
s∈c

qs, ec =

∑
s∈c Ns∑
j Nj

. (1)

The first quantity is scheduler mass: how often a component is selected before examples are con-
structed and packed. The second is packed-token exposure: the fraction of realized model posi-
tions contributed after that construction. Source-hours and native tokens answer different questions.
Source-hours measure temporal coverage in recorded data, while native tokens describe the scale of
an already-tokenized component.

The distinction is substantial in this recipe. Perception and embodied reasoning receive 69.7% of
direct scheduler mass, while robotics receives 30.3%. Robotics examples expand into more packed
positions per draw, so the audited exposure reverses the apparent balance: 79.6% of packed tokens
come from the robotics component and 20.4% from perception and embodied reasoning. Reporting
only the sampler weights would therefore understate how much of the optimizer’s realized input is
action-centered; reporting only packed exposure would hide the scheduler policy that produced it.

We use SkillRater (Sahi et al., 2026) during data-mixture discovery. Its capability-specific raters
surface data for distinct target skills rather than compressing every sample into one global quality
score. This matters for a mixture that asks for different forms of competence: a useful grounding
example need not resemble a useful temporal-reasoning example, and neither is selected by the same
evidence as a robot trajectory. SkillRater helps identify candidate data for these capabilities. It does
not set the numbers in Figure 1; the reported masses are the final scheduler configuration, not rater
scores.

Figure 1 partitions the same direct scheduler mass by modality and primary supervision type. Be-
cause one stream can carry several task labels, a chart that counted every label would double-count
the mixture. We instead assign each stream once, in this order: robotics component membership;
video modality; pointing; question answering or counting; OCR or structured extraction; caption-
ing; and other instruction data. The non-video perception categories preserve their relative weights
within the remaining scheduler mass.
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DIRECT SCHEDULER MASS · 529 SOURCE STREAMS MASS STREAMS

30%

Robotics and control 30.3% 56

Video understanding 30.0% 135

Visual Q&A and reasoning 23.7% 199

Pointing and spatial grounding 7.0% 76

OCR and structured documents 6.7% 32

Captioning and description 1.9% 20

Other instruction data 0.3% 11

Each stream is assigned once by modality, then task. Mass is draw probability, not packed-token exposure.

Figure 1: Video and robotics each comprise about 30% of the direct data mixture. Video understanding
receives 30.0% and robotics and control receive 30.3% of scheduler mass; visual Q&A and reasoning
contribute 23.7%. The 529 source streams are assigned once using the modality-then-task priority described in
the text. Percentages report direct scheduler mass, not packed-token exposure.

The resulting view is deliberately more specific than the two-component split. Video understanding
accounts for 30.0% of scheduler mass across 135 streams, nearly matching the 30.3% assigned to 56
robotics and control streams. Visual question answering and reasoning form the next largest category
at 23.7% across 199 streams. Pointing and spatial grounding contribute 7.0% across 76 streams;
OCR and structured documents contribute 6.7% across 32; captioning and description contribute
1.9% across 20; and the remaining 11 instruction streams account for 0.3%. The counts show why
mass and catalog breadth are both useful. Robotics is concentrated in fewer, heavier streams, while
question answering and grounding spread their mass across a wider source inventory.

Each category supports a different part of the embodied interface. Video supplies temporal con-
text and visible state change. Question answering and reasoning attach language to what is present
and what happens. Pointing trains explicit spatial outputs, while document and OCR data preserve
competence on text embedded in the visual world. Robotics connects observations to embodiment-
specific state and action. These roles overlap in individual examples, which is why the chart uses a
declared priority rule rather than presenting the categories as disjoint scientific concepts.
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Table 1: Packing shifts realized exposure toward robotics-oriented data. Component totals and
child-level values report the final audited data mixture.

Source block Streams Scheduler
mass

Packed-
token

exposure

Exposure
/ draw

Native scale and training role

Perception and
embodied reasoning

473 69.7% 20.4% 0.29× 3T tokens; image, video, and
instruction supervision

Video understanding 135 30.0% 8.0% 0.27× Future-percept prediction and video
understanding

General action-free
video

105 17.1% 4.1% 0.24× 1,000,000 h; broad visual
experience

Egocentric video 18 6.4% 2.0% 0.31× 375,000 h; first-person
manipulation

UMI
handheld-gripper video

12 6.5% 1.9% 0.29× 375,000 h; device motion and
timing

Visual Q&A and
reasoning

199 23.7% 7.5% 0.32× Multimodal Q&A and counting

Pointing and spatial
grounding

76 7.0% 2.2% 0.31× Localization and coordinate
supervision

OCR and structured
documents

32 6.7% 1.9% 0.28× Text recognition and schema
extraction

Captioning and
description

20 1.9% 0.7% 0.37× Image and scene description

Other instruction data 11 0.3% 0.1% 0.33× Remaining instruction-following
streams

Robotics-oriented data 56 30.3% 79.6% 2.63× 100,000 h; 35+ embodiment
configurations

High-quality
teleoperation

18 10.0% 32.0% 3.20× 10,000 h; curated demonstrations

Broad robot interaction 30 14.0% 35.0% 2.50× 40,000 h; heterogeneous trajectories
Video games and

simulation
8 6.3% 12.6% 2.00× 50,000 h; interactive and simulated

episodes

Table 1 adds native scale behind those percentages. The perception and embodied-reasoning compo-
nent contains 3T native tokens. The robotics component contains 100,000 source-hours across 35+
embodiment configurations: 10,000 hours of high-quality demonstrations, 40,000 hours of broader
robot trajectories, and 50,000 hours from games and simulation.

2.2 Egocentric annotation

Egocentric video occupies a useful middle ground between watching the world and commanding a
robot. The recording is still action-free in the robot-control sense, but the first-person view makes
hands, contact, and local task progress much more legible than they are in general video. We turn
that visual evidence into structured supervision at three nested levels. A recording provides the full
task context. Positive activity segments identify intervals with visible task progress. Within those in-
tervals, frame-level instances localize the left and right hands using boxes and anatomical keypoints,
while time-aligned labels describe each hand’s visible action, manipulated object, visibility, contact,
and annotation confidence.

The hierarchy matters because manipulation labels are not naturally one label per frame. A task can
persist across several seconds, two hands can play different roles at the same instant, and a hand
can remain important while briefly stationary. We preserve the source timestamp and native pixel
coordinates for every supported field, keeping task progression, hand geometry, and hand-object
interaction aligned to the underlying video. A positive activity segment says that visible progress
occurs in that interval. It does not turn every unsupported hand field, or every frame outside the
interval, into a negative action example. When visual evidence is insufficient, the field is omitted.

We generate these annotations with our proprietary Perceptron Mk1 model. We selected it for the
production annotation pass because its measured cost and throughput were better suited to this scale

5



than the Gemini configuration we evaluated. This was an operational choice for constructing the
stream, not an evaluation result about the trained Isaac 0.5 checkpoint. Figure 2 shows how the
resulting labels retain the asymmetry of a bimanual task.

Visible action Action Object Contact Visibility

00:08, “add the fried egg layer”, subtask 00:06–00:09; wrist z 0.30m / 0.29m
L Lifting and lowering the fried egg onto the sandwich put fried egg yes visible
R Guiding the edge of the fried egg into position hold fried egg yes visible
00:20, “arrange the cucumber slices on the cheese”, subtask 00:17–00:21; wrist z 0.24m / 0.24m
L Picking up and arranging cucumber slices put cucumber slices yes visible
R Spacing the cucumber slices across the cheese put cucumber slices yes visible

Figure 2: Egocentric supervision combines raw first-person video with time-aligned task and
hand–object labels. Two frames from a sandwich sequence at 8 and 20 seconds, cropped to the annotated
region; the keypoint and box overlays are the annotation tool’s own, with no paper-side graphics added. The
table gives the time-aligned labels carried by the two frames, one row per hand: the L and R markers in each
frame identify the hands the rows describe. Confidence is recorded per label and omitted where the visual
evidence does not support the field.

At 8 seconds, both hands contact the fried egg, but their roles differ: the left hand lowers it onto
the sandwich while the right hand guides and holds its edge. At 20 seconds, both hands are labeled
put, yet their descriptions still distinguish picking and arranging from spacing the slices. Collapsing
either frame to one action label would lose this division of labor. The per-hand record keeps it visible
while remaining tied to the shared task segment and source time.

2.3 Idle-span filtering

Source-hours are only useful if they retain their connection to training signal. In the open-source
robotics datasets we process, a recorded trajectory can contain long periods of waiting, camera-only
motion, or repeated frames. Counting those periods at face value inflates temporal coverage and
spends decode, packing, and optimizer capacity on little additional task supervision.

We compact sustained idle runs only for robot sources with a validated idle signal. The rule removes
the interior of a sufficiently long idle interval while retaining short pauses and the transition bound-
aries around it. Sources without a validated signal pass through unchanged. We do not equate visual
stillness with idleness: a held pose, mechanical settling, or contact-rich motion can remain informa-
tive even when the end effector moves very little. Validation therefore includes these cases and is
performed per source rather than through one global motion threshold.

Finally, the data record keeps recorded robot hours separate from optimizer-consumed robot hours.
The former describes what was captured; the latter describes what remains after source-specific
compaction and reaches training. This makes the 100,000-hour source inventory auditable with-
out claiming that every recorded second receives equal optimization weight. Section 6.3 gives the
corresponding implementation details in the streaming system.
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3 Model and training

Isaac 0.5 is built so that video supervision changes the representation that generates actions. Seman-
tic and autoregressive token objectives update the shared backbone, while the continuous-control
objective trains a Flow expert conditioned on that representation. The scaling measurement in Sec-
tion 4 depends on this connection: without a shared representation there is no route by which video
hours could displace teleoperation hours. The released checkpoint is trained at the highest video
budget in that measurement, one million general-video hours. We describe the architecture and its
action interfaces first, then the training objectives, the trajectory compiler that feeds them, and the
recipe used for the released checkpoint.

3.1 Shared architecture

Isaac 0.5 builds on an open Qwen-family vision-language recipe. Semantic and autoregressive token
objectives train a shared sparse backbone, while a dedicated Flow/DiT route produces continuous
actions from its states.

Visual inputs use patch size 16 and project into a 2,048-wide trunk of 40 sparse blocks, 30 with GDN
linear attention and 10 with full attention (Yang et al., 2025b). Every block has 256 real routedMLPs,
one learned null router row expanded into 256 null copies, and an always-on shared expert.

The 36B total covers every parameter in the checkpoint: the visual encoder, the 40 backbone blocks
with their attention, router rows, 256 routed MLPs and always-on shared expert, and the continuous
route’s Flow expert and DiT. Active parameters per token are what one token actually executes, 2.5B
at the 50% null reference where 4 of its 8 routes are real, and approximately 0.1B–3B as that number
varies between 0 and 8. Weight memory is a third quantity: it holds all 256 experts whether a token
executes them or not, while the visual encoder, attention, shared expert, and continuous-control path
run regardless of how many routes are real.

3.2 Null experts

Standardmixture-of-experts layers route every token through a fixed number of feed-forward experts.
Null experts add learned no-op choices to the router: when a null expert occupies a top-k slot, the
layer skips the corresponding routed MLP. The number of real experts executed can therefore vary
by token while all 256 experts and the maximum per-token budget remain available (Kilian et al.,
2026). Embodied sequences interleave text, image, state, and action tokens that need not draw the
same amount of routed work.

How variable routed work arises. The router has 257 learned rows: one for each of the 256 real
experts and one for the null option. For each token, the null row produces one score u∅, which is
duplicated into 256 null copies copies and concatenated with the 256 real-expert scores. This gives
512 candidate scores for top-8 selection and partitions each token’s budget (Kilian et al., 2026): with
j the number of real-expert scores strictly above u∅, the block selects

kreal = min(8, j), knull = 8− kreal, (2)

ignoring exact ties, which are broken deterministically by index. The shared null score is a learned
threshold on real-expert scores, so kreal varies token by token between 0 and 8 while the expert library
stays at full size. When kreal > 0, gate weights are renormalized over the selected real routes after
the null routes are dropped; when kreal = 0, the routed contribution is zero. The shared expert and
the residual path are unaffected either way.

Why 256 null copies rather than 8. For top-k selection alone the multiplicity barely matters: any
number of null copies at or above 8 gives the same kreal in Equation 2, so 8 copies would reproduce
the mechanism. Multiplicity matters through the router distribution. In a softmax over all 512 scores,
256 identical null logits contribute 256 eu∅ to the partition function, equivalent to one null score with
logit u∅+ log 256. Multiplicity therefore sets the null path’s initial probability mass and shifts router
gradients and load-balancing statistics without adding parameters.
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a ISAAC 0.5 BACKBONE

Isaac 0.5
40 decoder layers · Qwen-family architecture

GDN GDN GDN full attn. ×10

null-routed MoE feed-forward in all 40 layers

b ONE NULL-ROUTED MoE LAYER

1 PHYSICAL ROUTER 2 EXPANDED ROUTING POOL 3 TOKEN EXECUTION

x =
RMSNorm(hℓ)

Wrouter ∈ R257×d

256 real
rows 1 null row

one learned parameter row

copy one score×256

256 real
scores

256 tied
null scores

512 routing scores

top-8

m real routes

(8 − m)
null routes

0 ≤ m ≤ 8

gated shared expert
always on

residual hℓ · always on

m routed MLPs execute
renormalize gates

if m > 0

null routes terminate
zero routed-MLP output

hℓ+1 = hℓ +
Eshared(x) + Erouted,m(x)

c CONTINUOUS FLOW / DiT ROUTE

CONTEXT
backbone hctx

K/V: 2,048→768

NOISED ACTION
chunk xτ

proj.: Dmax →768

FLOW TIME
τ

MLP: 256→ 768

DiT×36 · width 768 · 8 heads

cross-attention K/V action-token self-attention AdaRMS modulation
velocity

v̂θ

Flow
integration

continuous
action chunk

Figure 3: Token-adaptive null routing and the continuous-control DiT. Every backbone layer uses the
same sparse feed-forward block. Selecting a null route skips the corresponding routed MLP, so each token
executes a variable number of experts. The continuous-control DiT cross-attends to masked pre-action
backbone context and predicts a velocity field from the noised action chunk and Flow time; integrating that
field yields the action chunk.

3.3 Shared action interfaces

The autoregressive route uses the same hidden states for language, coordinates, grounding, embodied
reasoning, and a disjoint 2,048-token FAST action vocabulary (Pertsch et al., 2025). Section 3.5
defines its normalization, tokenization, and training loss. The continuous route projects backbone
states from 2,048 to 768 dimensions as cross-attention keys and values for a 36-block DiT (Peebles
& Xie, 2022; Fang et al., 2026). The DiT combines that context with a noised action chunk and
Flow time, then predicts the velocity used to recover continuous actions (Lipman et al., 2023; Black
et al., 2024). Training draws S = 4 independent noise and Flow-time samples per action chunk;
Section 6.6 describes how the system evaluates them together without replicating the long backbone
context. Figure 3 shows both routes: the shared sparse block with its null-expert router, and the
continuous-control DiT that cross-attends to backbone context.

The released checkpoint is trained on data from 35+ robot interface configurations—31 of which
are real robot hardware or a hardware family, with the remainder comprising simulated settings,
a capture rig, a gamepad layout, and one aggregated multi-platform dataset—with robot-specific
observation, action, normalization, timing, and safety configurations included for each. Figure 4
shows the same checkpoint execute the same requested cup stack on YAM and SO-101 by changing
only the embodiment string in the configuration prompt. Section 7 defines the adaptation regimes,
and Appendix C gives the platform-by-platform configuration inventory.
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a Initial reach b Intermediate placement

c Completed stack
Figure 4: One checkpoint executes the same task on two physical embodiments by changing only the
embodiment string in the configuration prompt. a–c, paired YAM and SO-101 rollouts for the same
requested cup stack at the initial reach, an intermediate placement, and task completion. The source video
displays YAM at 1.5× speed and SO-101 at 1× and aligns the two rollouts by task phase.

3.4 Self-supervised future-percept prediction

We use future-percept prediction to refer to a proprietary self-supervised video objective. Given an
observation history, it predicts semantic information derived from a future observation rather than
reconstructing future pixels. The objective requires no human annotations or action labels. We call
the predicted task-relevant visible state or change a percept. This may be an object state, spatial
relation, affordance, task phase, visible contact change, or likely near-future task state. The term
describes the prediction target but not how that target is constructed.

At the disclosed boundary,

Lsem = E(o≤t,zt+∆) [ℓ(gθ(o≤t), zt+∆)] , (3)

where o≤t is the observation history through time t, ∆ > 0 the prediction offset, zt+∆ the future-
percept target, gθ the semantic predictor, and ℓ its loss. We do not disclose the generator that pro-
duces z or the implementation of ℓ. The joint objective below includes Lsem explicitly; any internal
weighting of its targets is part of the undisclosed ℓ.

3.5 Discrete and continuous control

Continuous-feature normalization. Each policy-state dataset, normalization scope, and objective
has its own action and proprioception statistics. For a scalar feature xd, the compiler maps the first
percentile to −1 and the ninety-ninth percentile to approximately +1:

x̃d = 2
xd − q0.01,d

q0.99,d − q0.01,d + 10−6
− 1. (4)

If the two quantiles coincide for a sparse binary or contact channel but its observed minimum and
maximum differ, those extrema replace the collapsed bounds for that dimension. For example, this
occurs when a gripper is closed throughout nearly all of a dataset but opens in a small number of
frames. Proprioceptive features are not clipped after normalization, so valid tails can remain outside
[−1, 1]. For FAST and Flow action targets, the compiler drops a chunk when maxt,d |ãt,d| > 20;
otherwise it clips the normalized actions to [−10, 10]. Serving applies the same clipping bound
before mapping predicted actions back to robot units.
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For a normalized action chunk a, FAST produces a token sequence q = FAST(a) and trains it with
the same autoregressive objective as the model’s other discrete outputs (Pertsch et al., 2025):

LFAST = −
∑
j

log pθ(qj | c, q<j) , (5)

where c is the shared-backbone context. The tokens are decoded and unnormalized into robot actions
at inference.

The continuous route uses linear conditional FlowMatching in the clean-at-one convention (Lipman
et al., 2023; Fang et al., 2026). For each of S = 4 independent draws per action chunk,

ϵs ∼ N (0, I), zs ∼ Beta(1.5, 1), τs = 0.001+0.999zs, xs = (1− τs)a+ τsϵs. (6)

Here τs is the noise level and the DiT receives Flow time ts = 1− τs. The straight path has constant
target velocity a− ϵs, giving

LFlow =
1

S

S∑
s=1

∥M ⊙ [v̂θ(xs, ts; c)− (a− ϵs)]∥22
∥M∥1

, (7)

where M masks padded time steps and unused action dimensions. This is the time-reversed, sign-
flipped form of the clean-at-zero convention used by π0 (Black et al., 2024). At inference, we start
from Gaussian noise and take N = 10 explicit Euler steps,

x(0) ∼ N (0, I), x(k+1) = x(k) +
1

N
v̂θ

(
x(k),

k

N
; c

)
, k = 0, . . . , N − 1, (8)

then unnormalize x(N) into continuous robot actions. Because the Flow expert is conditioned on the
shared backbone, perception and reasoning losses can change the context used for control while the
FAST and Flow decoders remain distinct.

3.6 Joint training objective

The complete objective has three supervised parts, an LM softmax regularizer, and two router aux-
iliaries. Let Ω be the eligible autoregressive target positions in a packed batch. It includes percep-
tion and reasoning responses, coordinates and control tokens, and FAST action tokens; prompt and
padded positions are excluded. The token-normalized next-token loss and its softmax z-loss are

LNTP = − 1

|Ω|
∑
i∈Ω

log pθ(yi | y<i, c), LLM
z =

1

|Ω|
∑
i∈Ω

(
log
∑
v

esi,v

)2

, (9)

where si,v is the vocabulary logit for token v. Equation 5 is the FAST subset of LNTP, not another
term added to it. The future-percept term Lsem remains separate because its target construction and
loss are defined at the boundary in Equation 3.

The Flow term is independently normalized by action chunk. Combining the supervised objectives
with the sparse-router regularizers gives the scalar used for backpropagation:

Ltrain = LNTP + Lsem + 10−4 LLM
z + LFlow

+ 0.02LMoE-LB + 10−3 Lrouter
z . (10)

Here LMoE-LB is the mean globally counted load-balancing loss over the sparse backbone layers, and
Lrouter
z is the mean squared router log-partition over those layers. The NTP objective is normalized by

its valid-token count, while Flow is normalized by valid action chunks. The retained recipe uses no
weight-decay loss. Unlike the knowledge-insulated π0.5+KI recipe (Driess et al., 2025), it does not
detach the backbone activations; Section 3.9 gives the retained optimization settings. Consequently,
LFlow updates both the Flow path and the shared backbone, while the semantic, token, and router
terms also update the backbone.
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SOURCE FAMILIES TYPED COMPILER PACKED SHARED BACKBONE INTERFACES

General video
frames, time, scene
text

Egocentric + UMI
hands, contact, motion

Teleoperation
cameras, state, actions

Language + spatial
instructions, points

mHarmony

schema validation

embodiment
lowering

clock alignment

TensorStream
events

text

vision

time

state

FAST

Isaac 0.5 backbone

vision encoder

30 × GDN

10 × full attention

null-routed MLPs

shared expert

Perception
text, coordinates

Embodied reasoning
state, progress

Discrete control
FAST tokens

Flow expert
36-block DiT

Continuous control
action chunks

every source keeps
provenance, time,
and embodiment

typed modality,
time, state,

coordinates, actions

Figure 5: From heterogeneous experience to one model. mHarmony validates and lowers source schemas
into typed TensorStream events before packing. The visual encoder and sparse backbone are shared; the Flow
expert and DiT are interface-specific.

3.7 Typed multimodal training

Source datasets make incompatible assumptions. Video has frame time but no robot state; a pointing
example has coordinates but no action; a teleoperated trajectory has cameras, proprioception, and
embodiment-specific controls. Continuous action chunks also cannot be flattened safely into a text
sequence. Multimodal Harmony (mHarmony) resolves these differences before packing: its strongly
typed compiler validates source schemas, lowers embodiment-specific coordinates and state, aligns
clocks, and emits TensorStream events (Perceptron Team, 2026).

Each event carries its modality, timestamp, provenance, and relevant coordinate or embodiment
frame. Figure 5 traces this path from heterogeneous sources to one packed sequence. Text, im-
age and video blocks, spatial targets, robot state, and FAST actions enter a 16,384 tokens packed
sequence. Continuous Flow targets stay keyed outside the token stream and share the same observa-
tion identifiers, and causal action history enters as typed history.

Typing lets unlike sources share a representation without erasing the distinctions control needs. Be-
fore packing, the system interprets each state vector under its robot schema, retains the coordinate
frame, preserves causal order, and selects the correct normalization. The same contract covers all
35+ released robot interfaces.

3.7.1 Trajectory lowering

Lowering turns a robot episode into one causal training sample. The action anchor t⋆ is the stepwhere
the target action chunk begins; observations and completed history through t⋆ are input context. The
compiler then resolves the robot configuration from dataset provenance and trajectory metadata and
renders a Configuration block with the robot family, objective form, control rate, relative-action
semantics, action layout, and available camera views.
The prompt-facing block contains only the resolved fields the model uses. For example:

Configuration:
robot_type: agilex
form: Flow
fps: 10
mistake: false
action_representation: relative
control_mode: ee
action_layout: [ee_x, gripper]
camera_views: [external_high, left_wrist, right_wrist]

11



The form field selects the action decoder: Flow invokes the continuous controller used at serving,
whereas separate FAST examples train the autoregressive action vocabulary. The fps field is the
robot control rate from the trajectory or its normalization scope (the embodiment- or task-specific
statistics entry). It is unrelated to target_fps = 2, which samples general video at two frames per
second for video understanding.

The recipe independently samples three binary conditioningmasks for each lowered trainingwindow:
Cscene gates an available scene description, CFAST gates available causal FAST-action history, and
Cmistake gates the episode-level mistake label. In particular, Cmistake is not the label itself; it decides
whether an available Boolean has_mistake value is exposed to the model:

Cscene ∼ Bernoulli(0.5), CFAST ∼ Bernoulli(0.5), Cmistake ∼ Bernoulli(0.8075). (11)

Figure 6 shows the operation of these draws: a value of one keeps the corresponding optional compo-
nent in the model-visible prefix, while zero omits it without changing the observations, policy state,
or target action.

AVAILABLE INPUT INDEPENDENT DRAW VISIBLE OUTCOME

available scene description Cscene
P (1) = 0.50

keep: History: scene description

omit: no scene text

1

0

available causal FAST history CFAST
P (1) = 0.50

keep: prior FAST tokens in user context

omit: no action history

1

0

available Boolean has_mistake Cmistake
P (1) = 0.8075

keep: mistake: true or mistake: false

omit: no mistake field

1

0

unchanged across all draws: observations, policy state, and target action

Figure 6: Conditioning masks independently hide optional context. Each lowered training window draws
the three gates once; a one keeps the available component, while a zero omits it. Observations, policy state,
and the action target remain fixed.

If Cmistake = 1, the compiler writes lowercase mistake: true or mistake: false in the prompt; if
Cmistake = 0, it omits the field. This gate affects only sources with an explicit Boolean has_mistake
annotation; sources without one always omit the field, and the compiler rejects non-Boolean or con-
flicting annotations. The retention probability 0.8075 = 0.85×0.95 combines the episode-metadata
and component-retention rates.

The mistake flag describes the episode and has no effect on scene history. An available scene or
subtask event can enter user-side History if it ends by the action anchor; a later event stays hidden
and becomes an assistant-side Prediction only when that target is enabled. At serving time, any
nonzero training support makes available action history deterministic and defaults the mistake value
to false, giving training and inference the same authenticated prefix format. Figure 7 summarizes
the lowering path and the contract it preserves across training and serving.

3.8 Embodiment-agnostic episodes

Section 3.7.1 states the lowering contract in terms of robot episodes, but nothing in it is specific to
robots. An episode is an observation stream in causal order, with a clock, an anchored action at each
decision point, and an outcome. Teleoperation supplies episodes of that shape. So does a recorded
session in which an agent operates a graphical interface, where the screen is the observation and the
outcome is whether the session satisfied the stated task.

Isaac 0.5 represents both with the same episode object and lowers both through the same pass. The
action interface is the only point of variation. A physical embodiment emits continuous targets in a
declared coordinate frame and action layout; a digital embodiment emits discrete named calls whose
arguments are checked against the interface it declares. Neither is inferred from the data; the compiler
rejects a digital action it cannot match against the declared interface, just as it rejects a physical action
whose width disagrees with its layout.
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ROBOT EPISODE action anchor t⋆

events

observations (1–3)

actions

subtask event (ended) later event (open)

ot−2 ot−1 ot

executed actions target action chunk

timeMODEL-VISIBLE TURN

USER turn ASSISTANT turn

task text

Configuration: robot family, control mode, fps, layout

History: the ended event only

observations ot−2..t and the policy state at t⋆

causal action history as user-role FAST tokens

optional Prediction: the later event

FAST tokens, Flow target, or both

the chunk the model must produce at t⋆

serving re-renders this same prefix,
with mistake defaulting to false

Figure 7: Trajectory lowering preserves the robot contract across training and serving. An episode is
anchored at a target action time and paired with a bounded observation window and a FAST or Flow target.
Ended semantic events are appended as History: after the Configuration: block; future annotations stay
target-side.

The two cases share more than a container. When a digital action refers to a location on the screen,
that location uses the same normalized coordinate representation the model applies to pointing and
detection, rather than raw pixels or an interface-specific element identifier. A click target and a
detection target are the same kind of object to the model, produced through the same output pathway.
That is the channel through which perception training reaches control.

3.8.1 Bounded observation context

For robot episodes, the model conditions on one to three observations. We sample the count from a
Poisson distribution with rate 2, truncated to this interval:

Nobs ∼ Poisson(2) | 1 ≤ Nobs ≤ 3. (12)
Equivalently,

Pr(Nobs = n) =

{
0.375, n ∈ {1, 2},
0.250, n = 3.

(13)

These bounds limit sequence-length variation and match the serving interface.

3.8.2 Causal action history

Causal action history means previously executed actions serialized before the current prediction
target. This gives the model a closed-loop self-calibration signal: before producing a new action, it
can cross-check recent commands against the observations that followed them, estimate execution
drift, and compensate in its next prediction. The same comparison can calibrate the model in context
to a new physical instance of a familiar embodiment, including differences in actuator response,
latency, and control scaling, without updating its weights. For two selected observations oi and oj ,
the compiler inserts every executed action in the half-open interval [i, j) before oj :

oi −→ FAST(ai, . . . , aj−1) −→ oj −→ target(aj , . . .). (14)

Figure 8 shows which action rows are visible at each anchor. The compiler draws CFAST once per
packed window, separately from the observation-count and scene-dropout draws. FAST tokens from
preceding actions enter as input context, receive no action-token loss, and stay distinct from FAST
targets. At the start of an episode, padding does not create action history. Because the interval stops
at j, current and future actions cannot enter the context. The target can carry FAST supervision,
Flow supervision, or both (Pertsch et al., 2025). Causal action history is an explicit input field, not
an internal recurrent state.
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a ACTION-TOKEN STREAM
causal boundary at j

sequence

loss on action tokens

oi FAST(ai, . . . , aj−1) oj target(aj , . . .)

no action-token loss FAST, Flow, or both

aj and laterthe interval is half-open,
so nothing later enters

b CLOSED-LOOP SELF-CALIBRATION

commanded aj−1

observed oj
execution drift compensation in aj

the same comparison can calibrate the model in context to a new physical
instance of a familiar embodiment, with no weight update

Figure 8: Causal action history. a, executed actions re-enter the sequence as user-role FAST tokens that
receive no action-token loss, so the same vocabulary appears on both sides of the boundary with opposite loss
roles. The interval is half-open at j, so current and future actions cannot enter the context. b, comparing the
commanded aj−1 against the observed oj estimates execution drift, which the model can compensate for in aj .

3.9 Training recipe details

3.9.1 Optimization

We train with AdamW (Loshchilov & Hutter, 2019), using β1 = 0.9, β2 = 0.95, ϵ = 10−6, and
weight decay 0. The base learning rate is 10−5, with 5 × 10−6 for vision parameters and 5 × 10−5

for the Flow expert. After 200 warm-up steps, each rate follows cosine decay to 10% of its peak
value. We clip the global gradient norm at 1.0.

Figure 9 tests the numerical robustness of the joint training stack across losses with different scales
and normalization rules. In the analyzed 100k-step run, which used a 500-step warm-up, the global,
full discrete, FAST, Flow, router z-loss, and CCE z-loss curves decline, while the load-balancing
loss remains tightly centered near 8.0. Together, these trajectories provide run-level evidence of
robust joint optimization through step 100,000. Section 6 describes the systems that execute this
mixed-objective recipe.

3.9.2 Latency-conditioned real-time chunking

Training adds real-time chunking (RTC) so a new continuous-action chunk can continue from com-
mands that will have executed by the time inference returns (Black et al., 2025a;b). Let H ≥ 2
be the action-chunk horizon, d the committed prefix length, and D = min(12,H − 1) the largest
simulated delay. Let p ∈ [0, 1] be the probability of a nonzero delay and λ > 0 the Poisson rate.
With probability 1− p, d = 0; otherwise d follows a Poisson distribution truncated to 1, . . . , D:

Pr(d = j) =


1− p, j = 0,

p
Poisλ(j)∑D

u=1 Poisλ(u)
, 1 ≤ j ≤ D.

(15)

Here Poisλ(j) = e−λλj/j!. The recipe usesH = 50, p = 0.5, and λ = 5, with 4 independent Flow
training draws per chunk. Prefix rows keep their action timestamps and enter the Flow/DiT expert as
clean conditioning at Flow time t = 1 (noise level τ = 0) under the clean-at-one convention above,
excluded from the velocity loss. We set the training delay distribution with p and λ and do not fit it
to measured serving latency.
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Figure 9: Training-stack robustness across primary and auxiliary losses. Training-loss traces for the
release pretraining run through checkpoint 100,000, each on its native scale. The large panel is the global
hybrid objective the optimizer descends; the small panels are its full discrete NTP, FAST token, and Flow
action components and the router z-loss, CCE z-loss, and load-balancing auxiliaries. Faint traces are the raw
logged observations, heavy lines are robust trailing 21-point means, the printed value is the robust mean at
step 100,000, and the percentage is its change from the post-warm-up level. The first 500 optimizer warm-up
steps are omitted. The six optimized losses decline through step 100,000, while the load-balancing regularizer
holds its level near 8.0 by design.

4 Percepts scale control: how video substitutes for teleoperation

Having described the model and what it is trained on, we now measure what the video side of that
cotraining is worth. We ask how much video cotraining changes the teleoperation needed to reach a
well-calibrated offline action-loss threshold. The measurement is a two-factor grid: seven general-
video budgets from 1,000 to one million hours, crossed with teleoperation budgets over a common
2–10,000-hour support, one run per cell and nested video subsets. Tasks and embodiments are held to
the fixed evaluation setting of Section 3 rather than varied. Every run in the grid uses the architecture
and objectives of Section 3, and the released Isaac 0.5 checkpoint is the grid’s highest video-budget
point, so the measurement below describes the recipe we shipped rather than a separate study.

4.1 Types of training data

We use four kinds of training data, with corpus composition and filtering described in Section 2.
General video shows appearance, motion, and semantic change, but not the actions that produced
them. Egocentric video adds a first-person view of hands, contact, and task progress (Grauman et al.,
2022), including hand-pose data that gives approximate human hand motion. Universal Manipula-
tion Interface (UMI)-style handheld grippers record gripper motion and timing without a robot, but
only for actions the device can perform (Chi et al., 2024). Task-specific teleoperation is the most
expensive and records robot commands, robot state, timing, and outcomes directly.

The grid varies general video against teleoperation. Every video budget carries passive-egocentric
and UMI companion streams, each contributing 3V /8 hours for a point labeled V ; we call this
the linked video mixture, since all three streams scale together. Teleoperation varies indepen-
dently. The purchasing analysis in Section 4.4 uses teleoperation:general video:egocentric:UMI
= 1:10:3.75:3.75. This composition preserves the measured 80:30:30 video proportions and allo-
cates ten general-video hours per teleoperation hour. The grid supplies the loss response; Section 4.4
combines it with prices to obtain the cost-aware mixture.
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4.2 Measurement design

Let V be general-video hours under the 80:30:30 mix, h the accepted task-specific teleoperation
hours, and L(V, h) the offline action loss, lower being better. Both V and h are in hours. L is a
single held-out action objective evaluated under fixed settings and held identical across every cell
of the grid, so losses are comparable within the grid; τ is quoted in the units of that objective. The
comparison relies only on that invariance, not on the choice of objective. For a loss threshold τ , the
teleoperation requirement is

Hτ (V ) = inf{h : L(V, h) ≤ τ}. (16)
Where no measured teleoperation level reaches τ , we report the target as not reached and do not
estimate the shortfall. For two video-hour levels Va < Vb, the substitution factor is

Sτ (Va→Vb) =
Hτ (Va)

Hτ (Vb)
. (17)

Within the measured range we fitHτ (V ) = cτV
−βτ , the power-law form used in neural scaling-law

studies (Kaplan et al., 2020; Hoffmann et al., 2022), with cτ a fitted scale constant. The exponent
βτ is the elasticity: on log scales it says how fast the required teleoperation falls as video hours rise.
Across two video levels we compute the same quantity as the negative change in logHτ over the
change in logV . A positive elasticity means more video pretraining goes with fewer teleoperation
hours at the same threshold.

We form a monotone envelope separately at each fixed video budget V : at every teleoperation rung,
we use the lowest loss observed at that rung or any lower-hour rung. Threshold crossings use linear
interpolation in log10 h between adjacent measured settings, and Figure 10A applies the same interpo-
lation in log10 V over the common 2–10,000-hour teleoperation support. Every crossing and surface
value therefore stays inside the measured grid. Separately, at every teleoperation rung represented
by at least five video budgets, we regress raw loss on log10 V . These per-rung slopes in Figure 10B
describe the observed grid. The grid has one run per cell and the video subsets are nested, so we
attach no standard errors to the slopes and do not read them as causal effects.

4.3 Results

We use τ = 2.50 as the primary offline threshold. We also tested it in a calibrated real-world setting
and found it reliable. Within the offline grid, it is the strictest contour both the 1k and 1M video
budgets reach within their measured teleoperation support, soHτ is defined at both budgets without
extrapolation. The runs at 1k general-video hours do not reach the stricter τ = 2.45. We report the
neighboring thresholds as sensitivity analyses.

At the primary threshold, the within-grid crossings are 5,884 hours at 1k general-video hours and
28 hours at 1M. Their ratio is 210.3×, with fitted elasticity 0.79. At the looser threshold the same
1k-to-1M ratio is 27.6× at elasticity 0.49.

The crossings lie between measured teleoperation rungs: 2,500 and 6,000 hours at 1k video, and
20 and 30 hours at 1M. These endpoints bound the 1k-to-1M substitution factor at 83× to 300×,
equivalent to elasticities between 0.64 and 0.83.

The raw grid explains when that substitution appears. At one teleoperation hour, the six supported
video budgets span only 0.050 loss, and 10×more video is associated with a change of−0.006. That
spread is comparable to individual non-monotonic reversals elsewhere in the grid. From roughly 100
teleoperation hours onward, the per-rung changes cluster near −0.21 loss for each 10× increase in
video. The exchange rate is therefore conditional rather than uniform. At the smallest teleoperation
budgets the two inputs behave as complements: video moves loss very little until the recipe also
contains action-grounded experience. The substitution measured by Equation 17 is a property of
that grounded regime, not a constant conversion between the two inputs.

The 1k-to-1M ratio also depends on the loss threshold. Across τ = 3.00, 2.75, 2.50, and 2.45, the
ratios are respectively 5.7×, 27.6×, 210.3×, and undefined because no run at 1k general-video hours
reaches the last threshold. Appendix Table 14 reports the crossings.

Figure 10C shows a bounded recipe contrast: seven non-perceptive runs, one per video budget,
trained without the semantic future-percept objective of Section 3.4. None reaches τ = 2.75 within
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Figure 10: Video substitutes for teleoperation only in the action-grounded regime. A, offline action loss
over the measured scaling grid, with log-space interpolation between adjacent settings. Small dark points
mark measured cells; orange points mark the 1k and 1M threshold crossings behind the 210.3× ratio. B,
empirical raw-loss change for each 10× increase in video at teleoperation rungs supported by at least five
video budgets; point size encodes the number of supported budgets. C, best observed non-perceptive loss at
each video budget. All seven remain above 2.75.

its measured teleoperation support. These runs do not span the same teleoperation rungs as the main
grid, and are not documented as differing from it only in the objective—the 300k non-perceptive
run, for example, stops at 1,000 teleoperation hours—so we do not turn this censoring result into an
objective-effect coefficient.

Video elasticity is positive at every supported threshold. Its magnitude varies with the threshold and
available support.
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4.4 Cost implications for a fixed acquisition plan

We price the fixed 1:10:3.75:3.75 data mix using Table 2 and architecture-derived video-training
compute.

Figure 11 prices the fixed composition and reads the loss surface of Figure 10 along that path as the
budget grows. The rest of this section derives the two panels and reports the corresponding plan at
$1M.
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Figure 11: Cost and loss along a fixed acquisition plan. A, acquisition plus one video-training epoch for
general, egocentric, and UMI video with E = U = 3V /8; the right axis gives the corresponding H100
GPU-hours and the orange diagonal is the teleoperation:general-video:egocentric:UMI composition
1:10:3.75:3.75. Its intersection with the dashed $1M contour gives Table 3. B, the monotone loss surface of
Figure 10 evaluated along that path (solid), with the power-law fit of Equation 23 (dashed).

4.4.1 Planning prices

Table 2 assigns planning prices to the data types in Section 4.1 and to NVIDIA H100 GPU time.
The values 3.75 in the mix are source-hours per teleoperation hour, and the price is $30 per accepted
source-hour. Video-side training compute follows from the architecture calculation below.

Table 2: Planning prices and purchasing composition. Acquisition rows are priced per accepted
source-hour. The quantity column gives each resource per one teleoperation hour, q. The H100 row covers
one epoch over all 17.5 linked video hours.

Cost item Planning price Quantity per q Treatment

Task-specific teleoperation $100 1 robot, operator, resets
General video $0.10 10 licensing, filtering,

storage
Passive egocentric $30 3.75 wearable capture and

quality assurance
UMI-style handheld $30 3.75 rig and collector time
H100 video-side compute $2.10 / GPU h 1.572 GPU h one video epoch; 30%

MFU

Let h, V,E, U denote accepted hours of teleoperation, general video, passive egocentric video, and
UMI data, and let ch, cV , cE , cU be their acquisition prices per accepted hour. Let Fv be the training
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FLOPs per video source-hour, PG the accelerator’s dense-BF16 peak, and ρ the utilization. A max-
length source-hour at 2 frames per second saturates the configured patch cap and produces 460,800
emitted visual tokens. The repository FLOP formulas give a full-position classifier calculation using
four classifier passes per packed position under the 50% null calculation reference, including forward
and backward training passes. The emitted visual positions account for 19.185PFLOP per source-
hour. Applying the 5× multiplier for captions, timestamps, control scaffolding, and other learned
document tokens givesFv = 95.925PFLOP per source-hour. The one-epoch intensity in GPU-hours
per video source-hour is

g =
Fv

3,600 ρPG
. (18)

With ρ = 30% and PG = 989TFLOP s−1, this gives g = 0.08981 H100 GPU-hours per video
source-hour. We apply the same intensity to general, egocentric, and UMI video. Acquisition plus
one video epoch then costs

Cplan(h, V,E, U) = chh+ cV V + cEE + cUU + cGg(V + E + U), (19)
where cG is the price per GPU-hour. Let rh, rV , rE , rU be the four quantities in Table 2, and define
the cost of one unit of that recipe as

κ = rhch + rV cV + rEcE + rUcU + (rV + rE + rU )cGg. (20)
The recipe cost is thereforeCmix(q) = κq, the orange diagonal in Figure 11A. Substituting the values
in Table 2 gives κ = $329.30 per accepted teleoperation hour. This total covers acquisition and one
video epoch; teleoperation-side training and additional video epochs are outside the plan.

4.4.2 Turning a dollar budget into a build plan

A budget B determines one point on the purchasing-composition path. Let qB be the number of
recipe units that the budget purchases. Then

qB =
B

κ
, (hB , VB , EB , UB) = qB(rh, rV , rE , rU ). (21)

Let L̃(V, h) be the monotone surface in Figure 10: linear in log10 h between adjacent teleoperation
rungs and in log10 V between adjacent video levels, and defined over the measured support. The
conditional loss–budget response is

Lmix(B) = L̃(VB , hB). (22)
For a compact summary, we fit a two-parameter power law to the five measured-video levels whose
composition-path teleoperation value lies within support:

L̂mix(B) = 2.246

(
B

$1M

)−0.07224

. (23)

The fit is ordinary least squares in log loss versus log budget over $32.9k–$3.29M, and every knot
interpolates between teleoperation rungs. In raw loss its root mean squared error is 0.0180 and
R2 = 0.9961. Doubling the budget multiplies fitted loss by 2−0.07224, a 4.9% reduction.

At $1M, Equation 21 gives 3,037 teleoperation hours, 30,367 general-video hours, and 11,388 hours
each of passive egocentric and UMI data. One epoch over the 53,143 total video hours requires
5.098× 1021 FLOP, or 4,773 H100 GPU-hours at the stated MFU.

Table 3: The $1M data-and-training plan. Quantities obey teleoperation:general video:passive
egocentric:UMI = 1:10:3.75:3.75. The budget covers acquisition and one epoch over all three video streams.

Resource Mix Quantity Spend

Task-specific teleoperation 1 3,037 h $303.7k
General video 10 30,367 h $3.0k
Passive egocentric 3.75 11,388 h $341.6k
UMI-style handheld 3.75 11,388 h $341.6k
H100 video-side compute — 4,773 GPU h $10.0k

Total $1.0M
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On the declared 16-H100 topology, 4,773 aggregate GPU-hours correspond to 298 wall-clock hours
at 30%MFU. At the top of Panel A, one million general-video hours imply 1.75 million linked video
hours and 157.2k H100 GPU-hours for one video epoch under the same architecture calculation.

At one million general-video hours, the fixed composition sets 100,000 teleoperation hours and
375,000 hours each of passive egocentric and UMI data.

5 Evaluation

We evaluate Isaac 0.5 on perception, embodied reasoning, and closed-loop control, because no one
of them is sufficient. A policy with weak general perception is a specialist; a visual model without
closed-loop results has not shown it can act as a robot model.

5.1 Broad benchmark results

Tables 4–7 report the broad image scorecard. Every local comparison uses the same named metric
and reports the raw benchmark score before random-baseline adjustment. The local sweep contains
Qwen3-VL at 2B, 4B, 8B, and 32B. Where a public value exists for the same Qwen model, it is
printed in gray directly beneath the score from our run of that model; the two frequently differ, which
is the protocol sensitivity described below. These gray entries are Qwen-authored release numbers
except for evaluations sourced from NVIDIA, Liquid AI, and SCOPE (Qwen Team, 2025; 2026a;d;
NVIDIA, 2025; Liquid AI, 2026; Cao et al., 2026).

Table 4: Grounding and counting. Models are rows and benchmarks are columns. Scores use the
benchmark-native CountBench, RefCOCO, and ScreenSpot-Pro protocols.

Model

Cost
multiple
of Isaac

CARPK
Counting

LVIS
Count

ScreenSpot
Pro

Isaac 0.5 36B-A2.5B 1.0 19.07 32.78 62.60
Qwen3-VL-32B 12.8 1.60 27.06 54.80

57.9
Qwen3-VL-8B 3.2 1.87 28.72 54.6
Qwen3-VL-4B 1.6 6.00 25.41 46.20

59.5
Qwen3-VL-2B 0.8 1.33 28.34 36.00

48.5
Qwen3.5 35B-A3B 1.2 1.67 28.27 68.60
Qwen3.6 35B-A3B 1.2 1.72 29.16 70.80
Qwen3.5-4B 1.6 6.81 28.82 60.40
Cosmos 3 Super 12.8 1.52 25.76 57.20
Cosmos-Reason2-32B 12.8 1.50 25.30 45.20
Cosmos 3 Nano 3.2 1.77 27.21 52.80
Cosmos-Reason2-8B 3.2 1.67 25.64 50.80
Cosmos 3 Edge 0.8 1.37 29.12 46.00
Cosmos-Reason2-2B 0.8 1.21 25.82 46.40
The nominal cost multiple is the advertised active backbone size divided by Isaac’s advertised 2.5B active size (Isaac = 1.0); it uses rounded
release labels rather than exact tensor counts and is a parameter-based inference-cost proxy, not measured end-to-end FLOPs or latency. Black
values are benchmark scores; gray Qwen3-VL values are public reports. (Qwen Team, 2025; 2026b;c;d; NVIDIA, 2026a;b; Li et al., 2025;
Paiss et al., 2023).
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Table 5: Structured visual understanding: documents and OCR.

Model

Cost
multiple
of Isaac AI2D DocVQA

M3Exam
English OCRBench

OCRBench
v2

Isaac 0.5 36B-A2.5B 1.0 87.24 96.54 81.40 92.61 66.12
Qwen3-VL-32B 12.8 83.39

89.5
95.70
96.9

78.20 89.29
89.5

66.03
67.4/59.2

Qwen3-VL-8B 3.2 77.95
85.7

95.95
96.1

67.20 89.77
89.6

67.70
65.4/61.2

Qwen3-VL-4B 1.6 76.55
84.1

94.90
95.3

57.80 88.89
88.1

65.68
63.7/57.6

Qwen3-VL-2B 0.8 66.16
76.9

92.40
93.3

52.60 86.17
85.8

62.76
56.3/53.0

Qwen3.5 35B-A3B 1.2 86.60
92.6

96.10 80.20 91.50
91.0

65.40

Qwen3.6 35B-A3B 1.2 86.90
92.7

96.30 80.80 92.00
90.0

65.80

Qwen3.5-4B 1.6 81.90
89.6

94.40
94.8

64.80 85.40
85.0

60.70
58.7

The nominal cost multiple is the advertised active backbone size divided by Isaac’s advertised 2.5B active size (Isaac = 1.0); it uses rounded
release labels rather than exact tensor counts and is a parameter-based inference-cost proxy, not measured end-to-end FLOPs or latency. Black
values are scores from our runs; gray values are publicly reported Qwen results under the cited source protocols. When both are available, the
local value is stacked above the public report. The best score from our runs is bold when at least two such results are present. n/r = not reported.
Slash-separated OCRBench v2 values preserve Qwen’s two published settings (Qwen Team, 2025; 2026a;d; NVIDIA, 2025; Liquid AI, 2026;
Cao et al., 2026).

5.1.1 Prompt sensitivity and reproducibility

We use a slight variant of the public benchmark prompt by design. In our evaluations, we have
observed that benchmark-specific prompt and harness optimization can materially change scores
without any change to the underlying model. For local comparisons, we therefore prioritize a con-
sistent protocol across models over exact reproduction of each release recipe. All of our local runs
disable thinking and use greedy decoding. By contrast, the concrete inference settings behind many
author-reported values are not disclosed, including whether thinking or chain-of-thought prompting
was enabled and which decoding parameters, generation budgets, image preprocessing, and answer-
extraction rules were used. The paired local and author-reported entries demonstrate this protocol
sensitivity directly. We use the runs from our evaluation as the primary comparison and show author-
reported values as protocol-specific context rather than as prompt-matched measurements.
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Table 6: Structured visual understanding: charts, tables, and text.

Model

Cost
multiple
of Isaac ChartQA

Reducto
TableBench TextVQA TreeBench

Isaac 0.5 36B-A2.5B 1.0 86.24 76.52 83.58 48.40
Qwen3-VL-32B 12.8 82.08

88.5
73.66 79.90 46.42

Qwen3-VL-8B 3.2 77.92
89.6

72.11
82.4

81.81
82.9

48.40
26.9

Qwen3-VL-4B 1.6 75.04
84.6

66.78 81.55 40.25
45.2

Qwen3-VL-2B 0.8 67.36
79.1

58.34 80.35 32.35

Qwen3.5 35B-A3B 1.2 83.10 74.80 82.70 46.80
Qwen3.6 35B-A3B 1.2 84.00 75.40 83.10 47.40
Qwen3.5-4B 1.6 77.40

84.2
68.50 80.20

81.2
40.80

The nominal cost multiple is the advertised active backbone size divided by Isaac’s advertised 2.5B active size (Isaac = 1.0); it uses rounded
release labels rather than exact tensor counts and is a parameter-based inference-cost proxy, not measured end-to-end FLOPs or latency. Black
values are scores from our runs; gray values are publicly reported Qwen results under the cited source protocols. When both are available, the
local value is stacked above the public report. The best score from our runs is bold when at least two such results are present. n/r = not reported
(Qwen Team, 2025; 2026a;d; NVIDIA, 2025; Liquid AI, 2026; Cao et al., 2026).

Table 7: General visual intelligence. Models are rows and benchmarks are columns. Where both are
available, each cell stacks our run over the public report value in gray.

Model

Cost
multiple
of Isaac

A-OK
VQA BLINK

CV
Bench

Emb.
Spatial

MME
yes/no

Real
World
QA

SEED
Bench

VLMs
Blind VQA v2

Isaac 0.5 36B-A2.5B 1.0 89.80 66.80 73.93 84.80 91.58 79.19 79.60 70.40 83.76
Qwen3-VL-32B 12.8 89.20 62.60 73.22 81.5 90.14 77.62

79.0
77.40 64.90 82.62

Qwen3-VL-8B 3.2 87.20 58.00 73.08 78.5 89.17 68.85
71.5

72.80 63.60 81.64

Qwen3-VL-4B 1.6 83.40 54.80
65.8

73.50 79.6 86.90 71.34
70.9

72.60 62.40 81.44

Qwen3-VL-2B 0.8 79.80 45.80
53.8

69.94 69.2 82.14 64.79
63.9

61.40 49.00
56.0

78.89

Qwen3.5 35B-A3B 1.2 90.0 65.6 73.5 83.1 90.9 79.5 79.0 69.0 83.5
Qwen3.6 35B-A3B 1.2 90.4 66.2 73.8 84.3 91.3 80.1 79.3 69.8 84.1
Qwen3.5-4B 1.6 84.8 58.7 72.0 81.3 87.4 72.0 76.1 61.5 81.0
The nominal cost multiple is the advertised active backbone size divided by Isaac’s advertised 2.5B active size (Isaac = 1.0); it uses rounded
release labels rather than exact tensor counts and is a parameter-based inference-cost proxy, not measured end-to-end FLOPs or latency. Black
values are scores from our runs; gray values are publicly reported Qwen results under the cited source protocols. The column maximum is bold.
(Qwen Team, 2025; 2026a;d; NVIDIA, 2025; Liquid AI, 2026; Cao et al., 2026).

Tables 8–9 then compare physical-AI benchmarks without repeating them across model-size pan-
els. Isaac 0.5 has 36B total parameters but only 2.5B active parameters per token in expectation.
Each table reports a nominal cost multiple: the model’s advertised active reasoner or backbone size
divided by Isaac’s advertised 2.5B active size. The proxy uses rounded release labels rather than
exact tensor counts; dense models use their advertised backbone size, sparse models use their ad-
vertised active size, and Cosmos 3 uses the advertised size of one active reasoner tower rather than
the dual-tower checkpoint total. This parameter-based quantity is a transparent inference-cost proxy,
not a measurement of end-to-end FLOPs or latency (Qwen Team, 2025; 2026a;d; Google DeepMind,
2026; NVIDIA, 2026a;b). Models appear as rows, braced into matched sparse-and-compact, large,
mid-scale, and small open-model tiers. Native benchmark scales remain separate.

22



5.2 Perception

The perception evaluation covers recognition, grounding, tracking, spatial localization, physical
state, temporal order, and video understanding. The primary physical-AI scorecard includes Hallu-
sionBench, VideoPhy2, CausalVQA, MVPBench, MVBench, BLINK depth and spatial subsets, and
VSI-Bench rather than academic science or mathematics question answering (Li et al., 2024; Yang
et al., 2025a; Fu et al., 2024). On the physical and temporal scorecard (Table 8), Isaac 0.5 records
the best available score on six of the seven benchmarks: HallusionBench 77.4 against 69.8 for the
strongest comparator, VideoPhy2 64.8 against 60.8, CausalVQA 83.0 against 81.0, MVPBench 76.6
against 71.0, and BLINK Spatial 92.3 against 90.9, with BLINK Depth tied at 92.7. It trails on
MVBench, where Cosmos 3 Super reaches 74.5 against 72.8 at 12.8 times the active-parameter cost.
Comparator values keep their native protocols and are author-reported, so these are matched-metric
rather than matched-protocol comparisons.

Table 8: Physical and temporal reasoning. Each benchmark appears once; models are rows. The matched,
large, mid-scale, and small blocks use the available benchmark results.

Model

Cost
multiple
of Isaac

Hallusion
Bench

Video
Phy2

Causal
VQA

MVP
Bench

MV
Bench

BLINK
Depth

BLINK
Spatial

M
at
ch
ed { Isaac 0.5 36B-A2.5B 1.0 77.4 64.8 83.0 76.6 72.8 92.7 92.3

Qwen3.6 35B-A3B 1.2 69.8 60.8 78.0 71.0 70.8 89.6 88.4
Qwen3.5 35B-A3B 1.2 67.9 59.6 76.0 69.0 70.4 88.8 87.2
Qwen3.5-4B 1.6 65.0 54.2 71.0 63.0 68.6 84.3 82.7
Gemma 4-26B-A4B 1.6 66.1 56.4 73.0 66.0 69.2 86.8 85.6

La
rg
e { Cosmos 3 Super 12.8 49.0 47.4 77.0 70.3 74.5 91.9 88.8

Qwen3-VL-32B 12.8 52.8 36.8 81.0 58.6 72.6 82.3 88.1
Cosmos-Reason2-32B 12.8 50.8 43.3 74.5 62.2 72.5 85.5 87.4
Gemma 4-31B 12.4 57.8 33.1 76.5 27.0 64.4 87.1 90.9

M
id
-s
ca
le { Cosmos 3 Nano 3.2 45.3 45.6 70.0 66.9 73.2 92.7 81.8

Qwen3-VL-8B 3.2 50.5 28.2 72.0 51.6 69.1 87.1 87.4
Cosmos-Reason2-8B 3.2 42.0 37.1 71.5 54.2 70.1 87.9 83.9
Gemma 4-E4B 1.6 42.0 13.8 38.0 32.8 48.9 77.4 76.9

Sm
al
l { Cosmos 3 Edge 0.8 40.7 40.3 37.0 53.3 58.2 79.8 72.0

Qwen3-VL-2B 0.8 42.6 7.9 57.0 43.6 60.3 74.2 77.6
Cosmos-Reason2-2B 0.8 28.6 12.8 53.5 43.7 60.5 83.1 75.5
Gemma 4-E2B 0.8 36.0 8.4 29.5 31.9 41.2 70.2 62.9

Braces group the matched sparse-and-compact models and the large, mid-scale, and small open models. The nominal cost multiple is the
advertised active reasoner/backbone size divided by Isaac’s advertised 2.5B active size (Isaac = 1.0); it uses rounded release labels rather
than exact tensor counts and is a parameter-based inference-cost proxy, not measured end-to-end FLOPs or latency. For Cosmos 3, the proxy
uses the active reasoner tower rather than the dual-tower checkpoint total. Isaac VideoPhy2 is reported using the benchmark composite score.
Comparator values are publicly reported in Table 10 of the Cosmos 3 technical report or the exact Qwen3.5/Qwen3.6 model cards (NVIDIA,
2026a; Qwen Team, 2026b;c;d); protocols may differ from the Isaac run. The column maximum is bold; higher is better.

5.3 Embodied reasoning

Embodied reasoning is evaluated through judgments about task progress, spatial relations, affor-
dances, temporal change, physical state, likely consequences, and recovery. The reported bench-
marks are ERQA, EmbSpatial-Bench, RefSpatialBench, RoboSpatial, BLINK, and the Cosmos-
Reason1 evaluation sets (Gemini Robotics Team, 2025; Du et al., 2024; Song et al., 2025; Fu et al.,
2024; Azzolini et al., 2025). The scorecard pairs raw benchmark scores with a task-balanced macro
and fixes prompts, decoding, visual sampling, and benchmark adapters across the primary compar-
ison. On the seven-benchmark spatial and embodied scorecard (Table 9), Isaac 0.5 leads on five
benchmarks, including VSI-Bench at 64.99 against 61.7 and RefSpatialBench at 65.00 against 64.3.
It trails on ERQA at 52.5 against 66.1 and on Where2Place at 65.1 against 71.0.
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Table 9: Spatial and embodied reasoning. Each benchmark appears once; models are rows. The matched,
large, mid-scale, and small blocks use the available benchmark results.

Model

Cost
multiple
of Isaac VSI-

Bench
ERQA

Ref
Spatial

Cosmos
ER

Cosmos
CS

Where2
Place

RoboSp.
Home

M
at
ch
ed { Isaac 0.5 36B-A2.5B 1.0 64.99 52.5 65.00 76.2 68.1 65.1 72.3

Qwen3.6 35B-A3B 1.2 61.7 66.1 64.3 72.5 64.8 66.5 68.2
Qwen3.5 35B-A3B 1.2 61.0 64.8 63.5 71.2 63.7 65.2 67.4
Qwen3.5-4B 1.6 57.2 54.0 54.6 60.8 57.6 55.8 62.1
Gemma 4-26B-A4B 1.6 58.4 57.6 59.1 63.5 60.2 61.0 64.0

La
rg
e { Cosmos 3 Super 12.8 60.9 51.2 57.0 74.1 66.4 71.0 70.0

Qwen3-VL-32B 12.8 59.5 46.62 52.7 61.3 63.4 56.0 65.1
Cosmos-Reason2-32B 12.8 58.0 42.8 48.0 74.9 65.2 59.0 64.3
Gemma 4-31B 12.4 47.6 47.8 46.6 54.3 61.1 52.0 63.0

M
id
-s
ca
le { Cosmos 3 Nano 3.2 54.9 46.0 53.1 69.7 63.9 64.0 66.3

Qwen3-VL-8B 3.2 55.1 42.61 47.6 56.9 58.4 53.0 64.8
Cosmos-Reason2-8B 3.2 52.0 44.2 41.1 71.2 63.1 50.0 64.5
Gemma 4-E4B 1.6 28.4 30.2 24.6 44.3 43.2 17.0 42.0

Sm
al
l { Cosmos 3 Edge 0.8 59.2 42.0 48.4 56.6 51.5 55.0 63.4

Qwen3-VL-2B 0.8 49.8 39.60 27.1 48.9 49.7 32.0 44.6
Cosmos-Reason2-2B 0.8 45.0 37.2 30.7 59.0 54.8 33.0 52.0
Gemma 4-E2B 0.8 27.3 32.5 16.2 38.0 35.3 15.0 36.3

Braces group the matched sparse-and-compact models and the large, mid-scale, and small open models. The nominal cost multiple is the
advertised active reasoner/backbone size divided by Isaac’s advertised 2.5B active size (Isaac = 1.0); it uses rounded release labels rather than
exact tensor counts and is a parameter-based inference-cost proxy, not measured end-to-end FLOPs or latency. For Cosmos 3, the proxy uses
the active reasoner tower rather than the dual-tower checkpoint total. The local Isaac ERQA score uses raw multiple-choice accuracy over
399 unique sample IDs from 400 rows; one exact duplicate is removed. Qwen3-VL-2B, 8B, and 32B use the same local ERQA metric and
deduplicated sample set. Isaac RefSpatial is a 277-sample local centroid score. Comparator values are publicly reported in Table 10 of the
Cosmos 3 technical report or the exact Qwen3.5/Qwen3.6 model cards (NVIDIA, 2026a; Qwen Team, 2026b;c;d); protocols may differ from
the Isaac run. The column maximum is bold; higher is better.

5.4 Closed-loop control

The scored closed-loop comparison centers on LIBERO’s deterministic spatial, object, goal, and
long-horizon suites (Liu et al., 2023). Table 10 compares Isaac 0.5 with the author-reported baselines
under each source protocol. The direct NVIDIA rows use GR00T N1.7 and the Cosmos3 Nano and
Edge DROID policy checkpoints (NVIDIA, 2026c;a). The physical rollouts in Figures 12–14 are
qualitative demonstrations and remain separate from this scored comparison.

Figure 12 shows perception-control coupling across relational classification, game-state reasoning,
and symbolic sequencing on physical hardware.

5.4.1 Adaptation

The adaptation protocol measures acquisition of a new task or embodiment from benchmark-specific
demonstrations. Table 10 reports LIBERO spatial, object, goal, and long-horizon transfer after adap-
tation on 500 demonstrations per suite (Liu et al., 2023).
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a Judge symmetry; sort b Read board; place piece

c Read letters; spell

Figure 12: Physical rollouts couple relational and symbolic perception to closed-loop control. a, visual
symmetry determines the labeled bin for object placement; b, the evolving board state determines the next
game-piece placement; c, letter identity and the partial word guide ordered block placement.

Table 10: LIBERO success after benchmark-specific adaptation, in percent. Each suite contains ten tasks and 500
demonstrations; MolmoAct2 reports 2,000 evaluation rollouts across the four suites. Most numeric rows are transcribed as
author-reported context from MolmoAct2 (Fang et al., 2026); the GR00T N1.7 row follows NVIDIA’s official
200-episode-per-suite report (NVIDIA, 2026c). Cost multiple is the advertised active reasoner/backbone size divided by
Isaac’s 2.5B active size; it is a parameter proxy, not measured FLOPs or latency.

Model

Cost
multiple
of Isaac Spatial Object Goal Long Average

Isaac 0.5 1.0 98.0 99.0 98.8 93.0 97.2

TraceVLA (Zheng et al., 2025) 2.8 84.6 85.2 75.1 54.1 74.8

OpenVLA 2.8 84.7 88.4 79.2 53.7 76.5

SpatialVLA (Qu et al., 2025) 1.2 88.2 89.9 78.6 55.5 78.1

CoT-VLA (Zhao et al., 2025) 2.8 87.5 91.6 87.6 69.0 83.9

π0 1.2 96.8 98.8 95.8 85.2 94.2

ThinkAct (Huang et al., 2025) 2.8 88.3 91.4 87.1 70.9 84.4

MolmoAct-7B-D 2.8 87.0 95.4 87.6 77.2 86.8

GR00T N1.7 (NVIDIA, 2026c) 1.2 97.7 98.5 97.5 94.4 97.0

Cosmos3-Nano 3.2 86.8 87.6 86.4 82.0 85.7

Cosmos3-Edge 0.8 51.2 51.7 51.0 48.4 50.6

π0.5 1.2 98.8 98.2 98.0 92.4 96.9

NORA-1.5 (Hung et al., 2025) 1.2 97.3 96.4 94.5 89.6 94.5

MolmoAct2 2.0 97.8 100.0 97.8 93.2 97.2

5.4.2 Trajectory quality and control rate

Success is paired with completion time, end-effector and joint path length, Cartesian and joint jerk,
self-collisions, slip count, controller saturation, and safety interventions whenever the platform ex-
poses them. Table 11 combines published deployment measurements with the Isaac request-shape
calculation. Each latency is converted to a reciprocal policy rate under the request protocol named
in the table caption.
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Table 11: Deployment footprint and latency under each model’s stated request protocol. Isaac uses an
architecture calculation on one H100 SXM at 40% of dense-BF16 peak for three 1024×1024 images and ten
Flow steps. GR00T N1.7 uses NVIDIA’s full TensorRT result, Cosmos3-Nano uses the published
single-Hopper PhyAI result, and Cosmos3-Edge uses NVIDIA’s native-PyTorch PBR (NVIDIA, 2026c; Wang
et al., 2026; NVIDIA, 2026a). Policy rate is reciprocal latency. Checkpoint size is the released repository
footprint, except Isaac’s FP8 parameter footprint.

Model
Active

parameters
Total

parameters GPU
Latency
(ms)

Policy rate
(Hz)

Checkpoint
(GB)

Isaac 0.5 2.5B 36B
H100 SXM
80GB 70 14.3 36.0

GR00T N1.7 (NVIDIA, 2026c) 3B 3B H100 80GB 27.9 35.9 6.93

Cosmos3-Nano-Policy-
DROID (Wang et al., 2026;
NVIDIA, 2026a)

16B 16B
Hopper
GPU 1132 0.88 32.9

Cosmos3-Edge-Policy-
DROID (NVIDIA, 2026a)

4B 4B
H100 SXM
80GB 1250 0.80 9.17

Across all control evaluations, the primary record contains task-balanced success or progress, task-
and episode-level uncertainty, control frequency, and serving latency under fixed deployment set-
tings. Individual success proportions use Wilson intervals (Wilson, 1927). Prediction failures, serv-
ing timeouts, invalid actions, dropped observations, controller faults, and safety interventions remain
in the denominator, and held-out embodiments stay separate in Section 7.1.

5.5 End-to-end chess demonstration

The physical chess rollout shown in Figure 14 composes board perception, move selection, and
physical execution in one loop. Figure 13 makes the orchestration explicit: embodied reasoning and
VLA control are two routed modes of the same Isaac 0.5 checkpoint, not separately deployed high-
and low-level models. At the start of each turn, Isaac 0.5 reads the board from the robot’s camera
views and reconstructs the current position. Move selection then runs in one of two declared modes.
In the closed-book mode, the model selects a move from its learned chess knowledge. In the tool-
assisted mode, Isaac 0.5 calls Stockfish through its tool interface and consumes the returned move.
Both modes terminate at the same typed boundary: one exact source-to-destination command, such
as move the pawn from e2 to e4.

The selected command is passed without paraphrase to the VLA control request together with the
current camera observations and robot state. The control path grounds the named squares and piece in
the scene, generates action chunks, and executes the pick-and-place motion. A new observation then
starts the next turn. This division keeps the strategy boundary explicit: Stockfish, when enabled,
chooses a move but never issues robot commands; the VLA always receives the exact move and
performs its physical realization. None of the attempted baseline policies completed a successful trial
after training on 500 hand-collected trajectories, leaving each at 0% success. Figure 14 documents
the resulting full rollout.
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a Early rollout (t = 3 s) b Mid-rollout (t = 180 s) c Late rollout (t = 360 s)

d Left camera at t = 8 s e Right camera at t = 8 s

Figure 14: The uncut YAM chess video shows multi-turn physical execution from early to late in the
rollout. a–c, frames at 3, 180, and 360 seconds from the 6:13 end-to-end demonstration; d–e, synchronized
left and right model-input camera views during manipulation in episode 366. Together they show board
progression and the fixed three-camera observation interface.

OBSERVATION
three camera views

robot state
turn prompt

ISAAC 0.5 · ONE CHECKPOINT

1 EMBODIED REASONING MODE

READ BOARD
reconstruct position

CHOOSE MOVE
internal knowledge

EXACT COMMAND
move the pawn
from e2 to e4

STOCKFISH optional tool

move query / result

2 VLA CONTROL MODE (same weights)

GROUND
piece + squares

FLOW EXPERT
generate controls

ACTION CHUNK
pick · place · retract

exact move · same checkpoint

ROBOT
execute chunk
update board

new observation closes the loop

Figure 13: Isaac 0.5 closes the chess loop with one checkpoint. Camera views, robot state, and the turn
prompt enter the shared model; its embodied-reasoning mode reconstructs the board and chooses a move from
internal knowledge or an optional Stockfish call. The exact natural-language move becomes the typed input to
the same checkpoint’s VLA control mode, which grounds the board geometry and generates the action chunk.

5.6 Model finetuning elasticity

We measure how readily an open-weight policy acquires task-specific control from one episode
and transfers that update to a nearby setting. We instantiate the benchmark on a physical chess-
manipulation task with a fixed robot, board, camera arrangement, and action interface. The chess
setting provides a controlled progression from repeated motor behavior to instruction-conditioned
pick-and-place and then to multi-move execution, while keeping the objects and workspace recog-
nizable across levels. Figure 14 shows the shared workspace and synchronized camera views.

The benchmark has three levels. In the fixed-move level, the board is reset and the robot repeatedly
picks up the same piece and executes the same source-to-target move; this isolates grasp and mo-
tion adaptation. In the notation-conditioned level, the instruction specifies an arbitrary source and
destination in coordinate chess notation, such as e2-e4, and the robot must identify and move the
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corresponding piece. In the offensive-line level, the robot executes one prescribed offensive opening
line together with a large yet finite set of branch variations selected by the preceding moves. This
final level tests whether single-episode adaptation transfers across related multi-move sequences. It
does not claim unrestricted chess play or independent strategy selection: the line and legal branch
are supplied, and the evaluated behavior is their physical execution.

For each level we collect two complete expert episodes, eA and eB . The pair preserves the robot
and action semantics while introducing a controlled shift: a perturbed piece pose or execution path
for the fixed move, a different notation-specified move or board state for arbitrary pick-and-place,
or a different variation within the same offensive line. We evaluate both directions: finetune on eA
and test on eB , then restore the released checkpoint, finetune on eB , and test on eA. The comparison
includes π0.5, SmolVLA, MolmoAct2, GR00T N1.7, and Isaac 0.5 (Black et al., 2025c; SmolVLA
Team, 2025; Fang et al., 2026; NVIDIA, 2026c).

Training implementations. We finetune each checkpoint in its native training stack rather than
reimplementing every model in one framework. Isaac 0.5 uses the same internal training codebase
and action interfaces used for its pretraining and release finetuning. For π0.5 we use Physical Intel-
ligence’s official OpenPI training pipeline (Physical Intelligence, 2025); for SmolVLA we use the
official Hugging Face LeRobot implementation (SmolVLA Team, 2025); for MolmoAct2 we use the
released Allen Institute training repository and its pinned LeRobot integration (Fang et al., 2026);
and for GR00T N1.7 we use NVIDIA’s official Isaac-GR00T finetuning pipeline (NVIDIA, 2026c).
We pin the code revision, base-checkpoint identifier, software environment, trainable-parameter set,
optimizer, and learning rate for every run.

A shared converter materializes the same 10-Hz chess episodes in each framework’s required dataset
schema and verifies the observation timestamps, action ordering, units, and number of valid anchors
after loading. Each native trainer retains its released action objective and normalization path, but
one epoch always means one pass over those verified anchors with no replacement sampling or re-
peated short episodes. Predictions are decoded from the nativemodel representation into the common
benchmark action space before Equation 24 is evaluated. The primary ranking uses each release’s
recommended adaptation mode; full-parameter and parameter-efficient results are compared sepa-
rately only in the matched-interface sensitivity analysis.

The native starting recipes are reported in Appendix A.2 (Table 16). The recipes are intentionally
model-specific: the native-recipe comparison treats the released adaptation interface as part of the
system being evaluated. We retain the recommended trainable-parameter mask, optimizer family,
peak learning rate, weight decay, gradient clipping, regularization, and effective batch size, with the
batch capped at |Ie| so an episode is never filled by duplicate samples.
We resample observations, state, and actions onto a common 10-Hz control grid. Every valid con-
trol time is an action anchor, and one epoch is one randomized pass over all valid windows in the
finetuning episode. Adjacent windows overlap, so shuffling changes optimization order but does
not make the examples statistically independent. Each policy keeps its native action objective and
generated chunk length. Evaluation uses the first Heval = 10 future action rows from every chunk,
corresponding to one second; longer chunks are cropped only for scoring. Iterative policies use their
released inference settings, with 10 Flow steps for π0.5 and SmolVLA and 8 for MolmoAct2. We
report the setting used by every other baseline rather than equating Flow steps with control rate.

Let Ie be the valid anchors in episode e, let Km = 10 for a stochastic policy and Km = 1 for a
deterministic policy, and letMt mask padded rows, unused action dimensions, and discrete channels
at anchor t, as in Equation 7. For policym with parameters θm, held-out continuous-action loss is

Lm(e; θm) =
1

Km|Ie|
∑
t∈Ie

Km∑
k=1

∥∥∥Mt ⊙
[
â
(k)
θm,t:t+Heval−1 − at:t+Heval−1

]∥∥∥2
2

∥Mt∥1
. (24)

Actions use the benchmark’s fixed normalization and coordinate convention; held-out episodes do
not contribute normalization statistics. We report discrete gripper error separately, together with loss
by action dimension and prediction offset.
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Figure 15: One-episode finetuning-elasticity diagnostic. A, held-out action loss on the same held-out
episodes before and after one epoch, at each conditioning level; the grey band is the loss a mean-action
predictor would score. B, the resulting loss-reduction factor eε

FT
from Equation 26, with the standard error

across optimization seeds; the orange figure is Isaac 0.5’s factor, the grey one the best baseline’s. C,
post-finetuning loss by prediction offset for notation-conditioned transfer; the shaded wedge is Isaac 0.5’s
zero-shot-to-finetuned gap, the right-hand column gives each policy’s native action-chunk lengthH , and rows
11–12 are trained against the simulated RTC delayD = 12 but are not scored.

Let θ(0)m be the released parameters and θ(A)
m the parameters after one epoch on eA. The directional

adaptation gain is the log loss reduction

Gm(A→B) = log
Lm(eB ; θ

(0)
m )

Lm(eB ; θ
(A)
m )

, (25)

and the model finetuning elasticity score for the pair is

εFTm (A,B) =
1

2
[Gm(A→B) +Gm(B→A)] . (26)

This finite log response matches the sign and log-scale convention of the data elasticity in Section 4:
positive values mean that one-episode finetuning lowers held-out loss, zero means no change, and
negative values mean that the update hurts transfer. Because the adaptation budget is fixed, εFTm is a
one-episode score, not a derivative with respect to data volume.

We report zero-shot loss, post-finetuning loss, Gm in both directions, and εFTm across task pairs and
optimization seeds. Aggregation and uncertainty use task pairs, not overlapping action windows, as
the resampling unit. Post-finetuning loss measures final action accuracy, whereas elasticity measures
the improvement produced by finetuning. Offline action loss can also penalize a valid action that
differs from the recorded expert, so this diagnostic complements rather than replaces closed-loop
adaptation.

Figure 15 reports this diagnostic. One epoch on a single episode lowers held-out action loss for
every policy at every conditioning level, so εFTm is positive throughout. Isaac 0.5 records the largest
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Figure 16: The training data plane. a, work moves from the trainer through isolated data-processing and
codec tiers. b, node-coherent relabeling aligns worker shard demand so each shard is downloaded once per
node. c, the collator best-fits variable-length documents into fixed-width sequences while preserving
document boundaries.

loss-reduction factor at each level by a wide margin—10.5× on the fixed move, 9.5× under notation
conditioning, and 7.0× on the offensive line—with π0.5 next at 3.1×, 2.6×, and 2.3×. The corre-
sponding elasticity gaps are 1.21, 1.29, and 1.13 against a standard error of 0.06 across optimization
seeds, so the separation is decisive at every level rather than only in aggregate. Elasticity falls for
every policy as the level requires the update to generalize further from the finetuning episode.

6 Training and inference systems

Training a percept-to-control model depends on a steady supply of useful tokens. General video
varies in length and is expensive to decode. Robot trajectories are smaller and more structured, but
their collection cost makes optimizer steps spent on idle spans especially wasteful. Sparse layers add
another imbalance, since different token types request different amounts of routed work. We handle
each problem at its source: typed compilation before training, predictive streaming and isolated
decoding in the input pipeline, vision balancing before encoding, router balancing inside the model,
and compacted execution after routing. Figure 16 shows where each of these runs. The worker also
returns more than a batch: it precomputes the model-side tensors that do not depend on the forward
pass, including multimodal rotary positions, modality and role masks, the per-action Flow context
mask, and the per-modality token counts the MFU accounting needs. The training step therefore
does not pay for them between forward and backward.

6.1 mHarmony

mHarmony is our strongly typed compiler for model inputs. It extends OpenAI’s open-source Har-
mony renderer and parser rather than introducing another data format (OpenAI, 2025). mHarmony
lowers video, text, images, state, task descriptions, and actions into TensorStream events with explicit
modality, time, coordinates, embodiment, and loss semantics (Perceptron Team, 2026). Observed
actions stay distinct from actions the model must predict, which lets the shared backbone train on gen-
eral video, egocentric interaction, robot percepts, and action-supervised trajectories without treating
an absent control field as a negative action label.
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Typed prompting controls. We separate the semantic instruction x from a set of generation con-
trols. mHarmony represents the latter as a typed system field

h ⊆ {point, box, polygon, clip, think, focus, tools}, pθ(y | x, h), (27)

rather than relying on a natural-language description of the output format. This follows the control-
code view of conditional generation introduced by CTRL (Keskar et al., 2019), but makes the control
surface typed and multimodal. For supervised examples, the renderer infers spatial hints only from
the assistant’s target-side structured values—never from coordinates in the user prompt—and infers
think from a target-side reasoning channel; a dataset may instead provide an explicit typed default. At
inference, the requested hints are supplied explicitly. The spatial members select the answer grammar,
think enables a reasoning channel, and focus and tools govern tool use. With no spatial member, the
answer remains ordinary text; think may coexist with a spatial member. The same autoregressive
model can therefore receive the same semantic query under different generation controls without
changing the task instruction itself.

One pointing grammar. Points, boxes, and polygons share an integer coordinate grid. For an
image of widthW and height H , pixel coordinates are compiled as

(x̃, ỹ) = (round(1000x/W ) , round(1000y/H)) , x̃, ỹ ∈ {0, . . . , 1000}. (28)

A point contains one coordinate pair; a box contains ordered top-left and bottom-right pairs; and a
polygon contains a variable-length hull. Collections group several targets, tracks bind one geometry
type across timestamps, and clips represent a start time with an optional end time. During rendering,
every spatial integer becomes one token from a reserved 1,001-entry coordinate group, enclosed by
point-boundary sentinels and the geometry tag. Thus the hint controls the response family, while the
shared grammar fixes its serialization and coordinate semantics across detection, grounding, video
tracking, and screen-space actions.

One contract for training and serving. Training and inference both use mHarmony to render
roles, channels, system controls, modality placeholders, coordinate and FAST token groups, the
assistant-generation prefix, and action stop tokens. The contract also fixes image and video pre-
processing. A versioned model-I/O manifest fingerprints the encoding and model-visible special
tokens, then checks the vision processor and generation stop set against the checkpoint. A serializa-
tion change alters the sequence the model sees even when the user-facing example looks the same.
Drift in role boundaries, patch counts, sampled frames, coordinate mappings, reasoning controls, loss
masks, or terminal tokens pushes inference off the training distribution, and can truncate an action
or run generation past the intended return. These failures usually present as poor model quality or
high latency rather than as formatting bugs, which is why we bind the format to the checkpoint.

6.2 Sequence packing

mHarmony emits one event stream per document. The collator assigns document i a token length
ℓi, a number of continuous-action chunks ai, and a skip count si, then adds it to a working queueQ.
Packing starts when the queue reaches its document limit M , when it contains at least one context
window of tokens, or when an old document reaches the repacking threshold S:

|Q| ≥ M ∨
∑
i∈Q

ℓi ≥ L ∨ max
i∈Q

si ≥ S. (29)

Here L is the context length,M is the document limit of the working queue, S is the repacking skip
threshold, ρ is the minimum fill ratio, and A is the maximum number of continuous-action chunks
in a sequence.

Each packing pass snapshots the queue and sorts documents by decreasing ℓi. An overlength doc-
ument is split into an L-token prefix and a suffix; the prefix is packed immediately and the suffix
returns to the queue. The pass then visits the sorted documents once. A partial bin b records its used
tokens ub and action chunks cb. For document i, the feasible bins are

Fi = {b : ub + ℓi ≤ L, cb + ai ≤ A}, b∗ = arg min
b∈Fi

[
L− (ub + ℓi)

]
. (30)
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The collator places i in b∗, the feasible bin that leaves the least unused token capacity. IfFi is empty,
it opens a new bin. Sorting first and minimizing the residual gives best-fit decreasing packing, while
the second feasibility constraint prevents a token-efficient bin from creating an oversized Flow batch.

After the pass, bins with ub/L ≥ ρ are emitted. Documents in an underfilled bin have their skip
counts incremented and return to Q, where later arrivals may complete the bin. Once si ≥ S, each
subsequent arrival triggers another packing pass, but S does not force the underfilled bin to emit. A
bin that cannot accept an otherwise token-compatible document solely because of the action-chunk
limit is emitted rather than requeued. At end of input, a forced pass emits the residual bins. Padding
is added only after a bin is selected for emission. Document order within each bin is unchanged, and
complete documents retain their end-of-document markers; these markers define variable-length
causal-attention segments, so packed documents cannot attend to one another. On the complete
training mixture, the algorithm leaves 2% of tokens as padding.

Packing guarantee. For an IID admitted stream, bin assignment is semantically conditionally in-
dependent: conditioned on the metadata visible to the packer, it introduces no dependence in the
remaining content. All departure from IID therefore reduces to the joint law of that low-dimensional
metadata and can bemeasured from packing traces. For a fixed emittedmultiset andmatched stochas-
tic draws, packed and unpacked execution produce the same hidden states, masked losses, and pa-
rameter gradients, including through null-route removal, grouped-expert compaction, and the global
router objective. The forced flush preserves the surviving one-document marginal exactly, but nei-
ther the skip threshold nor best-fit assignment guarantees a small joint IID distance. Appendix B
gives the proofs, counterexample, and padding bound.

6.3 Reliable video input

A Rust scheduler uses each worker’s future sample order to plan shard downloads, cache births, and
evictions in node-wide shared memory. Node-coherent relabeling preserves the plan’s slot structure
while rewriting cloud samples into node-local chunks, so workers on the same node request the
same shards and fetch each one once. Repeated accesses separated by a long gap get their own cache
lifetimes. This keeps a video-heavy mixture from turning remote storage latency into optimizer idle
time. Cache hit rate alone does not show that, so we measure end-to-end data wait under the full
training mixture.

Video decoding runs in a process separate from its DataLoader worker. Timeouts, codec errors,
and fatal decoder failures, including segmentation faults we observed in FFmpeg, terminate only
the decoder child; a supervisor starts a clean child and the worker resumes. Spatial transforms and
TensorStream assembly sit outside that failure boundary. Long soak tests count decoded clips, re-
placements, and unrecovered failures, and measure latency by codec and the share of optimizer time
spent waiting for input.

We compact long stationary spans only for robot sources with a validated idle signal. A source-
specific threshold and minimum duration remove the interior of sustained idle runs while keeping
short pauses and transition boundaries. The validation set includes holds, settling, and contact-rich
motion, because a visually stationary end effector can still carry control information. The data record
separates recorded robot hours from optimizer-consumed robot hours.

6.4 Distributed vision balancing

After temporal sampling and patchification, visual examples contain different numbers of tokens. At
each step, local vision balancing recomputes a regularized optimal-transport plan from the current
per-rank block sizes. Its transport cost favors assignments within the local NVSwitch domain, limit-
ing slower cross-domain traffic. The resulting plan moves whole visual blocks across data-parallel
ranks before encoding, reducing stragglers without changing an example’s contents. Global router
balancing acts later, after token routing, to regularize aggregate expert use, and exchanges only as-
signment statistics across ranks; token routes stay local. Figure 17 contrasts the two. We measure
them separately: vision-token imbalance before encoding, expert-assignment dispersion after rout-
ing.
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Figure 17: The two balancing mechanisms act at different points and on different things. a, vision
balancing moves whole visual blocks across ranks before encoding; the exchange conserves patches, so ranks
finish together without any example changing. b, router balancing leaves every token on its own rank and
exchanges only per-layer assignment counts, which an asynchronous all-reduce turns into one global
load-balance objective.

6.5 Sparse execution that realizes null routing

Null-expert routing changes which MLPs execute even though the router still returns a fixed top-8
decision. The kernel compacts real assignments into a contiguous prefix and leaves the null suffix out
of the grouped matrix multiplication, so compile shapes stay static while the number of real expert
calls varies by token. The continuous Flow/DiT path has a different execution graph and is compiled
separately. In the linear-attention blocks, MoE-compatible GDN fusion combines normalizationwith
the input projection without changing router scores or expert assignments (Yang et al., 2025b). A
bounded fused token loss avoids creating a vocabulary-sized intermediate for unusually large packed
batches.

Observed allocation. Null routing is strongly task- and phase-specific (Figure 18). Prompt alloca-
tion varies sharply across tasks, while decode tokens consistently use nearly all eight real expert slots.
A separate video evaluation shows the same prompt/decode split. These counts measure routed-MLP
invocations rather than end-to-end FLOPs or latency.

Across three review rounds, we inspected 142 candidate renderings and selected the 16 maps with
the clearest localized contrast (Figure 19). In these examples, highly nulled context surrounds recog-
nizable low-null structure such as airplanes, people, a skier, geometric and scientific diagrams, and
answer-bearing document regions. The maps show routed compute allocation: a patch with fewer
real routes receives fewer expert-MLP updates, while its residual-stream representation continues
through the layer stack.

In a preregistered 512-sample paired intervention, forcing the two top-corner image tokens to take
only null routes in decoder layers 3–39 changed the task-balanced official score by -0.227 percentage
points relative to sham, with a fixed-cohort 95% bootstrap interval of [-2.205, +1.742] percentage
points. The result did not pass the deployment safety gates, so the clamp was not expanded or
deployed.
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null fraction (%) · request-balanced within task prompt decode
prompt decode

PixMo Count 62.5 7.2

DocVQA 60.0 2.9

NLVR2 56.9 4.7

TextVQA 56.1 4.3

RealWorldQA 47.3 3.9

ChartQA 46.0 4.5

VSR 42.1 4.6

CountBench 41.5 8.7

RefCOCO 37.8 5.6

RefCOCO+ 37.7 5.6

Ref-L4 37.5 6.1

AI2D 29.5 3.1

MathVista 26.5 0.7

MMMU-Pro 26.3 2.0

IFEval 0.6 0.2
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Figure 18: Null routing varies sharply by task and is concentrated in prompt processing.

6.6 Batched Flow training with grouped-query attention

For each continuous-action chunk, training draws S = 4 independent noise and Flow-time samples.
Running the 36-block DiT once per sample would repeat the whole action-expert stack, while tiling
the backbone context would copy its keys and values S times. We instead flatten the sample and
chunk axes on the action side and fold the sample index into the cross-attention query heads. With
B action chunks, action horizon N , context length C, Nkv key/value heads, and head dimension dh,
grouped-query attention (Ainslie et al., 2023) receives

Q ∈ RB×N×(SNkv)×dh , K, V ∈ RB×C×Nkv×dh . (31)

Each context head is shared by the S corresponding sample-specific query heads, and the output is
then restored to the sample and chunk axes. Action-side activations scale with S, but the projected
context keys and values, the context mask, and the packed-context indices stay at batch size B.
For masked contexts, the system derives variable-length metadata once and packs the shared keys
and values once for the full DiT evaluation. Each DiT block is compiled with a dynamic leading
dimension so that different numbers of action chunks do not force a new static graph.

Figure 20 shows the resulting layout. This batching applies to independent training samples, not to
the Flow integration steps that produce an action. Inference performs 10 sequential Euler updates,
since each depends on the state from the previous one. The invariant backbone context is projected
once and reused across them.

6.7 Optimized two-stage inference

We serve the policy as two co-located vLLM-Omni stages on a single accelerator. The first stage per-
forms one multimodal prefill through the backbone and returns the post-final-normalization hidden
states. The second stage runs the 0.58B DiT, conditions on those states, applies the 10 Euler updates,
and returns an action chunk. The transition carries the full prefix activations and the action-context
visibility mask. Prefix caching is therefore part of the execution contract: without the merged prefix,
the action expert would receive only the final hidden-state row rather than the observation context.

The robot process owns the control clock, action queue, and random-number stream. Each request
contains raw uint8 camera frames, proprioception in robot units, the task prompt, an anchor times-
tamp, explicit Flow noise, and the action rows already executed since the previous request. Those
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patch null fraction
0% · 8 real 100% · 0 real

selected from 142 candidate renderings

DocVQA hospital name

null 62.7% 2.98 real

DocVQA medication name

null 71.9% 2.24 real

Ref-L4 second from right

null 42.0% 4.64 real

DocVQA table heading

null 64.6% 2.83 real

DocVQA hospital identity

null 34.8% 5.22 real

PixMo Count airplanes

null 68.2% 2.55 real

DocVQA photographer

null 67.9% 2.57 real

CountBench children

null 56.7% 3.46 real

CountBench figurines

null 72.8% 2.18 real

RefCOCO+ girl

null 46.6% 4.27 real

Ref-L4 skier

null 45.8% 4.34 real

AI2D diagram process

null 30.7% 5.55 real

AI2D evaporation stage

null 44.7% 4.42 real

MathVista angle NCL

null 24.3% 6.06 real

PixMo Count people

null 67.9% 2.57 real

DocVQA C.E.E.R. form

null 61.0% 3.12 real

Figure 19: Real routes remain concentrated on recognizable visual structure in high-contrast examples.
Orange opacity gives each image patch’s null-selection fraction across 40 decoder layers and eight route slots:
transparent patches take all eight real routes, while the darkest orange patches take none. People, countable
objects, geometric and scientific diagrams, and answer-bearing document regions remain visible as lower-null
structure against more strongly nulled context. The DocVQA panels include localized hospital names,
medication text, a table heading, a photographer credit, and a C.E.E.R. form. Labels report the image-level
mean null fraction and the corresponding mean number of real routes per patch and layer. The maps use
recorded patch grids with nearest-neighbor expansion and no smoothing. The 16 panels were selected from
142 renderings across three review rounds and span seven tasks.

executed rows serve two purposes: they pin the real-time-chunking prefix, and they supply the causal
action history of Equation 14. The server verifies the payload digest, renders the request through
mHarmony, normalizes the state, and runs both stages. It returns a normalized action chunk, which
the client converts to robot units once. Keeping rendering and normalization on one side of the
process boundary makes the served input auditable against the training contract and avoids sending
internal TensorStream objects over the wire. Figure 21 shows the resulting serving path and where
it sits in the robot control loop.

We test this path at the boundaries where a plausible action can hide a serving error: event-for-event
rendered-stream equality, exact multimodal rotary positions, vision-tower parity in fp32, explicit-
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a COMPUTE AND CONTEXT SHAPES

METHOD ACTION BATCH CONTEXTK/V BATCH DiT EVALUATIONS

Serial B B S

Tiled context SB SB 1

Isaac 0.5 + GQA SB B 1

S = 4 independent noise and Flow-time draws per action chunk; only the tiled row pays for S copies of the context

b GROUPED-QUERY ATTENTION INSIDE THE DiT
independent draws
s1 s2 s3 s4

action [SB,N,H, dh]

sharedK/V

[B,C,H, dh]

ONE FULL DiT EVALUATION 36 blocks

SELF-ATTN
action side

GQA CROSS-ATTENTION
Q1 Q2 Q3 Q4

K,V — one copy
Q: SNkv heads ·K,V : Nkv

MLP
restore SB

velocity v̂1:S

Figure 20: Batched Flow training through grouped-query attention. The S = 4 independent action-side
samples share one batch-B context, so S full DiT evaluations collapse into one without tiling context: the
queries carry SH heads whileK and V keepH and stay at batch B. The 10 dependent Euler evaluations at
inference stay sequential.

a REQUEST PATH

ROBOT PROCESS INFERENCE SERVER
request: uint8 frames, proprioception, prompt, anchor timestamp, executed actions, explicit Flow noise

POLICY CLIENT
owns clock, queue, noise
converts to robot units

mHarmony
render, normalize

FIRST STAGE
null-MoE prefill

full prefix states
+ mask

SECOND STAGE
Flow/DiT, 10 Euler steps

response: one normalized action chunk

b CONTROL TIMELINE

request sent response lands, queue swaps

request in flight, all of a next request carries the rows just executed as causal history

robot, chunk k executes tail superseded by chunk k+1 anchored d rows earlier

chunk k+1 prefix pinned suffix generated here
the same rows

enters the Flow stage as clean conditioning at Flow time zero

0 d H = 50

d drawn atD = 12, the largest delay training simulates action rows after the anchor observation

Figure 21: The serving path hides one inference inside the robot control loop. a, the serving contract. The
robot process owns the control clock, the action queue, and the noise stream, and its request carries raw
frames, proprioception, the prompt, an anchor timestamp, the executed actions, and explicit Flow noise.
Rendering and normalization run on the server, so the served input stays auditable against the training contract,
and only the client converts back to robot units. The two stages are co-located on a single accelerator, so the
transition is an in-process handoff of the full prefix activations and the action-context visibility mask rather
than a second hop. b, why the loop closes. The in-flight window spans everything drawn in a, not the two
stages alone. The robot keeps executing chunk k through the d action rows that elapse while the request is in
flight, so RTC pins the first d rows of chunk k+1 to exactly those commands and the 10 sequential Euler
updates fill only the suffix; the same executed rows then re-enter the next request as causal action history. The
axis is in action rows, which each robot’s control rate converts to milliseconds. Training draws d from
Equation 15 withD = 12 andH = 50; we do not fit this distribution to measured serving latency.

noise action parity, and closed-loop LIBERO evaluation. The visibility mask receives its own fail-
closed check because a permissive mask lets the DiT attend to the trailing action marker that training
excludes.
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The latency path is short-prefill and launch-bound rather than throughput-bound. We compile theDiT
step and batch independent Flow samples along the sample axis while sharing the backbone context
keys and values. The backbone is then the largest remaining term. Null routing reduces routed-MLP
work, but it does not reduce the vision tower, attention, shared-expert, or stage-transition costs, and
the current serving configuration uses one tensor-parallel and one expert-parallel rank.

6.8 What we measure end to end

End-to-end training measurements use the complete model, production data mixture, and training
topology, with timing started only after compilation, allocator growth, and input warm-up stabi-
lize. The measurement window contains wall-clock throughput, optimizer-consumed packed tokens,
source-native units, MFU, peak active and reserved memory, step-time quantiles, input wait, decode
replacements, and failed samples. Component microbenchmarks are kept separate. End-to-end train-
ing reaches 24% MFU in the released hyper-sparse setting. A dense setting reaches 48% MFU, but
its recipe and weights fall outside this open-source release.

Serving measurements bind the checkpoint to a complete request shape: hardware and precision, run-
time revision, batch size, observation count and resolution, context length, generated FAST tokens
or Flow horizon, and control frequency. The measurement record contains median and tail latency,
weight memory, observed real routes per token, routed-expert FLOPs, and total executed FLOPs.
These quantities separate the work skipped by null routing from the vision, attention, shared-expert,
and continuous-control computation that remains.

7 Adaptation

Isaac 0.5 supports a staged adaptation path from a shared foundation checkpoint to an embodiment
checkpoint and then to a task policy. Reasoning, discrete action, and continuous action all use the
same backbone, while each robot configuration preserves its own observations, action semantics,
normalization, timing, and safety limits.

7.1 Three adaptation regimes

The scope of an adaptation stage is distinct from the mechanism used to update the model. Zero-shot
evaluation uses a supported interface with no task-specific weight updates. Parameter-efficient adap-
tation updates a declared parameter subset under matched training compute. Full-model adaptation
may update the whole model when sensor semantics, action dimensions, or control timing differ from
the supported interface. Embodiment and task adaptation can each use either parameter-efficient or
full-model updates; the choice is reported with the resulting checkpoint.

During development, we explored several more structured update strategies, including expert-only
training, detaching the action loss from the shared backbone, and freezing subsets of the vision–
language model. In the task-adaptation settings we tested, these restrictions added recipe complexity
without producing a better final policy. We therefore retain conventional end-to-end finetuning as
the default: the shared backbone and action expert are updated jointly using the same trajectory
representation and objectives used during training.

The retained Flow adaptation recipe predicts H = 50 action steps and draws S = 4 independent
noise and Flow-time targets per action chunk. It uses AdamW with a peak learning rate of 5× 10−5,
300 warm-up steps, cosine decay, global-norm clipping at 1.0, and masks padded action rows from
the Flow loss. For each run, we report the number of trajectories and accepted robot hours, con-
trol frequency, valid action anchors, optimizer steps, global batch size, optimizer-consumed action
chunks, and equivalent dataset traversals; steps alone do not determine data exposure when variable
numbers of trajectory examples are packed together.

Table 12 shows a sharp gap between zero-shot control and every adapted policy on LIBERO-Long.
Zero-shot succeeds on 6% of trials. Updating only the Flow/DiT action expert raises success to 91%,
and additionally updating the interface projections reaches 92.5%, just 0.5 percentage points below
full finetuning at 93%. Rank-64 LoRA reaches 85.5%, below both narrower update scopes.
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Table 12: LIBERO-Long adaptation strategies. The comparison varies update scope while holding the
intended initialization, demonstrations, and evaluation protocol fixed.

Strategy Trainable scope
LIBERO-Long
success (%)

Zero-shot None 6
Expert-only Flow/DiT action expert 91
Frozen backbone Action expert and interface projections 92.5
Rank-64 LoRA Backbone adapters and full action expert 85.5
Full finetuning Shared backbone, vision path, and action expert 93.0

Most of the adaptation benefit in this comparison comes from the control-facing parameters. Full
finetuning gives the highest success rate, but its margin over a frozen backbone is small. We retain
full finetuning as the default recipe because it performs best here; the frozen-backbone result is a
strong alternative that updates fewer parameters.

The adaptation record contains task-balanced capability, task-specific robot hours, training compute,
and the number of updated parameters. Seen and held-out embodiments use the same robot-data
budgets and scoring rules as a specialist trained from scratch and a foundation-model baseline.

7.2 New tasks

A task example may contain language, one or more observations, optional proprioception, and ei-
ther FAST action tokens or continuous Flow targets. Video pretraining supplies visual and semantic
structure; task-specific robot data supplies the action semantics and dynamics that video lacks. Adap-
tation curves use accepted robot hours and optimizer-consumed action tokens rather than endpoint
scores alone.

As a small-data case study, we adapt the YAM-midtrained Isaac 0.5 checkpoint to T-shirt folding from
five task demonstrations. Figure 22 shows the resulting policy moving the same garment through
distinct intermediate states to completion.

a Initial layout b First fold c Compacting fold d Completed fold

Figure 22: A physical T-shirt-folding rollout passes through visibly distinct intermediate states. a–d, the
initial garment layout, first bimanual fold, compacting fold, and completed state from the YAM deployment.

During adaptation, recomputing q0.01 and q0.99 separately for every task, as in MolmoAct2 (Fang
et al., 2026), can be problematic: the q0.99 bound places the largest 1% of actions outside the nominal
range, where clipping saturates them. Those tail actions may be rare but task-critical, so discarding
their magnitude can be especially detrimental for tasks that require occasional large commands.

Each of the 35+ released interfaces declares observations, proprioceptive fields, action representa-
tion, normalization statistics, controller timing, and safety limits. Every listed robot appears in the
reported training mixture, and Appendix C gives its per-platform configuration inventory.

The paired YAM and SO-101 rollout in Figure 4 makes the consequence of this contract visible:
the checkpoint and requested task stay fixed, while changing the embodiment string in the config-
uration prompt selects the embodiment-specific camera geometry, kinematics, timing, and action
coordinates.

Discrete control maps supported action traces into the shared FAST vocabulary (Pertsch et al., 2025).
Continuous control keeps embodiment-specific action dimensions and timing in the Flow/DiT inter-
face (Lipman et al., 2023; Peebles & Xie, 2022).
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8 Related work

Our work draws on three threads: experience that scales beyond robot trajectories, embodied models
that turn such experience into action, and the conditional computation and systems used to train them
together.

8.1 Video and egocentric pretraining for robotics

RT-1 trains a transformer policy on heterogeneous real-robot demonstrations, while RT-2 trans-
fers vision-language representations into action prediction (Brohan et al., 2022; 2023). Open X-
Embodiment and DROID broaden robot supervision across embodiments, sites, and tasks (Open
X-Embodiment Collaboration, 2023; Khazatsky et al., 2024). Their action alignment is precise, but
acquiring executable robot trajectories remains expensive.

Human interaction data offers greater scale at the cost of weaker action alignment. UMI records
handheld-gripper trajectories without deploying the target robot (Chi et al., 2024). EgoScale, ACE-
Ego-0, and EgoWAM study transfer from egocentric human activity to manipulation or world-action
learning (Zheng et al., 2026; Li et al., 2026b;a); Ego4D supplies broad egocentric activity without a
robot-control interface (Grauman et al., 2022). These projects establish that transfer is possible. We
ask a different question: by how much does video change the teleoperation needed to reach a fixed
threshold? We keep general video, passive egocentric video, pseudo-action supervision, handheld-
gripper data, and synchronized robot trajectories as distinct regimes.

Generic video pretraining can improve a representation through ordinary visual or language objec-
tives. The Isaac 0.5 objective instead predicts task-relevant semantic change. One training mixture
cannot separate scale under the full recipe from the objective’s incremental effect and its proposed
mechanism, so we measure the three separately.

8.2 Generalist and open-weight robot models

Octo andOpenVLAmake broad robot training and downstream adaptation accessible in open-weight
models (Octo Model Team et al., 2024; Kim et al., 2024); SmolVLA emphasizes running on modest
hardware (SmolVLA Team, 2025). MolmoAct and MolmoAct2 place spatial and action reasoning
near control, and FAST compresses action trajectories into discrete tokens (Lee et al., 2025; Fang
et al., 2026; Pertsch et al., 2025). Flow-based policies offer a complementary continuous parame-
terization: π0 couples a vision-language backbone to a Flow action expert, π0.5 studies open-world
generalization, and π0.7 trains a steerable generalist policy from demonstrations, autonomous expe-
rience, failures, and non-robot context (Black et al., 2024; 2025c; Physical Intelligence et al., 2026).

Recent proprietary systems push human-interaction pretraining further. GEN-1 is trained from
scratch on more than half a million hours of human physical-interaction data and reports adapting
to a new task and embodiment with about one hour of robot data; the same base model was later
extended across substantially different end effectors (Generalist Team, 2026a;b). Dyna-2 trains a
world-action model on more than one million hours of egocentric human video using future-video
and future-action prediction, and reports that increasing human-video scale improves both held-out
robot prediction and post-trained robot performance (Dyna Robotics, 2026). These results are author-
reported under proprietary training and evaluation protocols, so their absolute values are not directly
comparable to ours.

Table 13 places Isaac 0.5 against these systems on the axes that distinguish them: backbone sharing,
discrete and continuous action interfaces, the supervision regimes each is trained on, and whether
perception, embodied reasoning, and control are evaluated from one set of weights.

Isaac 0.5 combines a shared backbone with a FAST token interface and a dedicated Flow/DiT ex-
pert, and the same model is evaluated on perception, embodied reasoning, and closed-loop control
rather than specialist vision-language-action performance alone. Primary comparisons match met-
rics, adaptation budgets, robot interfaces, and evaluation settings. Author-reported scores retain their
native protocols.
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Table 13: Control-recipe comparison. Isaac 0.5 and π0.7 combine observation history, training-time RTC,
and mistake conditioning; Isaac 0.5 additionally conditions on executed prior actions. Qwen-VLA and π0.7 do
not provide public weights and runnable code; the other listed models do (Octo Model Team et al., 2024; Kim
et al., 2024; SmolVLA Team, 2025; Fang et al., 2026; Black et al., 2025c; Physical Intelligence et al., 2026;
Physical Intelligence, 2025; Qwen Team, 2026e; Wu et al., 2026).

Model
Robot training
scope

Obs.
steps

RTC-
trained

Prev.
actions

Mistake
modeling

Non-robot
video

Flow
expert

Open
source

Isaac 0.5 35+ embodiments 1–3 ✓ ✓ ✓ ✓ ✓ ✓

π0.7 multiple robots ≤6 / camera ✓ × ✓ ✓ ✓ ×
π0.5 ∼7 robots 1 × × × × ✓ ✓
Qwen-VLA ∼10 robots 1+ × × × ✓ ✓ ×
LingBot-VLA 9 robots 1 × × × × ✓ ✓
MolmoAct2 ∼5 emb. 1 × × × ✓ ✓ ✓
SmolVLA 1 emb. 1 × × × × ✓ ✓
Octo 25 datasets 2 × × × × × ✓
OpenVLA 970k traj. 1 × × × × × ✓

The reported evaluation includes EmbSpatial-Bench and ERQA for embodied visual reasoning, and
LIBERO for benchmark-specific robot adaptation (Du et al., 2024; Gemini Robotics Team, 2025;
Liu et al., 2023). Simulation supplies breadth and repeatability; it does not replace physical rollouts.

8.3 Conditional computation and scalable multimodal systems

Chameleon shows that visual and textual tokens can share a sequence model (Chameleon Team,
2024). Sparse mixture-of-experts models increase total parameters while routing a fixed number of
experts per token (Shazeer et al., 2017; Lepikhin et al., 2020; Fedus et al., 2021; Zoph et al., 2022).
DeepSeek-V3 demonstrates how routing, load balancing, kernels, and end-to-end systems evidence
can be reported together at large scale (DeepSeek-AI, 2024). Zero-compute null experts let copies
of one learned null logit occupy top-k router slots without invoking a routed MLP, so the number
of real experts executed becomes input-dependent (Kilian et al., 2026). This differs from choosing
fixed top-4 or top-8, and it does not by itself reduce weight memory, always-on computation, or
end-to-end latency. Section 6 reports the complete-stack measurements.

9 Conclusion

Isaac 0.5 runs perception, embodied reasoning, and control through one sparse backbone, with null
routing leaving 2.5B of 36B parameters active per token. The design bets that when every inter-
face reads the same hidden states, supervision from cheap, action-free video can reach control. The
evaluation record supports the bet. Isaac 0.5 posts the best available score on six of seven physical
and temporal benchmarks and on five of seven spatial and embodied benchmarks (Section 5). One
epoch on a single expert episode cuts held-out action loss by 7–10.5×, roughly three times the gain
of the strongest baseline (Section 5.6). The training system sustains 24% MFU while it streams the
million-hour video mixture (Section 6).

The central measurement is an exchange rate between the two data axes. Video needs grounding
before it pays: at one teleoperation hour the loss-versus-video curve is nearly flat, and the slope
settles near −0.21 loss for each 10× increase in video only from roughly 100 teleoperation hours
onward. Past that point the exchange compounds. Scaling general video from 1,000 to one million
hours cuts the teleoperation needed to reach the primary action-loss threshold from 5,884 hours to
28, a factor of 210.3×with an endpoint bracket of 83× to 300×. Video scale is a lever on robot-data
efficiency within this recipe, not a replacement for action-grounded data.

We release the weights, the inference and adaptation stack, the evaluation suites and settings, and
robot-specific normalization and deployment artifacts for 35+ embodiments represented in training.
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A Elasticity definitions for other capability measures

Section 4 measures one elasticity: how fast the teleoperation required to reach a fixed offline action-
loss threshold falls as general-video hours rise. The same definitions apply to other capability mea-
sures, weakly supervised control sources, and per-task or per-robot analyses.

Let P andW be accepted source-hours of purely perceptual and weakly supervised control pretrain-
ing, and let h be accepted task-specific teleoperation hours. For objective o, let Q(P,W, h, o) be a
higher-is-better capability measurement under fixed evaluation settings. The teleoperation required
to reach threshold τ is

Hτ (P,W, o) = inf{h : Q(P,W, h, o) ≥ τ}. (32)
We interpolate only between adjacent measured settings. If none reaches the threshold, we report it
as not reached and do not extrapolate.

For two perceptual source-hour levels Pa < Pb at fixed weak-control hours, the substitution factor
is

Sτ (Pa, Pb | W, o) =
Hτ (Pa,W, o)

Hτ (Pb,W, o)
, (33)

and the local elasticity is

ετ (P | W, o) = −∂ logHτ (P,W, o)

∂ logP
. (34)

A positive elasticity means the teleoperation requirement falls as perceptual pretraining grows. It
says nothing about why.

To separate the semantic objective from the amount of source data, let osem denote training with
the semantic future-percept objective and octrl an otherwise matched run without it. The semantic-
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objective ratio is

Rsem
τ (P,W ) =

Hτ (P,W, octrl)

Hτ (P,W, osem)
. (35)

This isolates the objective only when both runs share initialization, source examples, action losses,
optimization schedule, and training compute.

Economic value depends on more than recorded hours. For source-specific accepted-hour prices
cP , cW , ch and training cost Ctrain(P,W, h, o), the cost to reach τ is

Cτ (P,W, o) = cPP + cWW + chHτ (P,W, o) + Ctrain(P,W,Hτ (P,W, o), o) . (36)

The least-cost mixture depends on collection, filtering, storage, and compute. Section 4.4 applies
this definition to the fixed composition used in the planning analysis.

A.1 Grounded-scaling diagnostics

The primary 210× result is an endpoint ratio at τ = 2.50. Table 14 exposes its dependence on the
chosen loss threshold rather than treating one contour as a universal exchange rate.

Table 14: Endpoint sensitivity of the teleoperation substitution factor. Crossings use the monotone
envelope and log-teleoperation interpolation in Section 4.2; no value is extrapolated.

τ Hτ (1k) Hτ (1M) Ratio

3.00 25.1 4.4 5.7×
2.75 257.1 9.3 27.6×
2.50 5,884.3 28.0 210.3×
2.45 not reached 38.6 undefined

As a compact interaction diagnostic, we also fit

L = c+ a(log10 V − 4) + b(log10 h− 2) + g(log10 V − 4)(log10 h− 2). (37)

The centering matters: a and b are marginal slopes at V = 104 and h = 102, not uncentered main
effects. On the perceptive grid, a = −0.166, b = −0.312, and g = −0.044. The residual calculation
gives a naive cell-level standard error of 0.010 for g and R2 = 0.930. These are conditional fit
diagnostics, not inferential uncertainties: the grid has one run per cell and the video subsets are
nested, violating the independent-error assumption. We therefore show the empirical per-rung slopes
in the main figure and do not use the bilinear fit for low-teleoperation claims.

We compared this surface against the power-sum form

L = E +
(
AV −α +Bh−β

)k
. (38)

Here k = 1 recovers an additive separable power law, so k is a direct non-separability diagnostic.
Table 15 fits each model without the 1M-video column and evaluates on that column. The coupled
model predicts that held-out column best, but its fitted floor reaches the nonnegative boundary and
model choice was retrospective. We therefore use it only as a descriptive diagnostic; we do not
interpret k as a structural elasticity or use the surface to replace empirical slopes where observations
exist.

Table 15: Retrospective surface-model diagnostic. Models are fit without the 1M-video column and
evaluated on that column. Model selection was not preregistered; these RMSEs are descriptive.

Model Train RMSE 1M RMSE k

Bilinear + interaction 0.116 0.164 –
Separable power sum 0.075 0.121 1.00
Coupled power sum 0.055 0.071 0.31
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A.2 Model finetuning elasticity hyperparameters

Table 16 records the native starting recipe used for each open-policy baseline in the model finetuning
elasticity evaluation of Section 5.6.

Table 16: Native finetuning recommendations used for the open-policy comparison. These are the official
small-data or new-embodiment starting points, not a claim that one setting is optimal for chess. Published
multi-thousand-step budgets are replaced by the common one-epoch exposure described in the text; the
remaining settings come from the pinned native implementations (Physical Intelligence, 2025; SmolVLA
Team, 2025; Fang et al., 2026; NVIDIA, 2026c).

Policy Trainable parameters Optimizer and learning rate Other retained settings

π0.5 Full model in OpenPI’s
small custom-DROID
profile

AdamW; peak LR 2.5×10−5;
β = (0.9, 0.95); ϵ = 10−8;
weight decay 10−10; global-norm
clip 1

Batch 32; cosine schedule,
originally 1k-step warmup to a
2.5×10−6 floor; EMA 0.99

SmolVLA Action expert and state
projection; vision
encoder frozen

AdamW; LR 10−4;
β = (0.9, 0.95); ϵ = 10−8;
weight decay 10−10; global-norm
clip 10

Batch 64; cosine schedule,
originally 1k-step warmup and
30k-step decay to 2.5×10−6; 10
Flow steps

MolmoAct2 Rank-64 LoRA on the
VLM path plus the full
action expert,
recommended for small
or similar-embodiment
data

VLM, vision, connector, and
action-expert LRs all 5×10−5

under the released optimizer
defaults

Global batch 64, device batch 2;
dynamic sequence length; no
packing; 8 Flow steps

GR00T N1.7 Multimodal projector
and diffusion action
head; language and
visual backbones frozen

Released finetuning optimizer;
LR 10−4; weight decay 10−5; 5%
warmup

Global batch 64 by default (32
in the quick-start); state dropout
0.2; percentile normalization;
default action chunk 16

B Sequence-packing guarantees

This appendix separates three properties that are easy to conflate: equivalence of the packed compu-
tation, preservation of the one-document marginal, and independence among documents assigned to
the same bin. The first two hold under the stated contract; the third does not hold in general.

B.1 Packing invariance under null-expert sparse execution

The dense-attention part is standard; the additional claim is that null routing does not break packing
equivalence even though it changes the executed sparse graph. Fix an emitted bin P = (x1, . . . , xm)
and condition on the same stochastic draws in the packed and unpacked evaluations. End-of-
document markers giveMP =

⊕
i Mi. Let Πmap the flattened token order of the unpacked logical

batch to its packed order. Document-local embeddings, block-diagonal attention, and the cancella-
tion of constant within-block rotary offsets give

HP = ΠHunpacked (39)

at the input to every sparse layer, provided the preceding layer has the same property.

LetR return the selected expert IDs and scores, letFnull be the complete null-expertMoE contribution
after dispatch and scatter, and let A collect the auxiliary router objective and usage counts. Under
the current contract—rowwise routing with stable tie-breaking, no capacity-based token dropping,
and symmetric count reductions—the sparse layer satisfies

R(ΠH) = ΠR(H), Fnull(ΠH) = ΠFnull(H), A(ΠH) = A(H). (40)

The first equality follows because router logits and stable top-k selection are tokenwise. The dis-
patcher sorts route rows by logical expert ID; compute experts precede the logical null slots, so
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removing the null suffix retains the same multiset of real routes underΠ. Real-route renormalization
uses per-token indexed sums, each expert MLP acts independently on its assigned rows, and scatter
restores the token map. The shared expert is tokenwise. Global load balancing, router z-loss, and
expert-usage updates depend only on permutation-invariant sums and counts. A capacity rule that
dropped routes by arrival order would invalidate the result.

Combining Equation 40 with the dense block argument proves Equation 39 by induction through the
full backbone. The continuous-action expert separately restricts every action chunk to context with
the same provenance. Therefore, for any additive masked loss head with document numerator ni(θ)
and denominator di,

Lpacked(θ) =

∑
i ni(θ)∑
i di

= Lunpacked(θ), ∇θLpacked = ∇θLunpacked. (41)

Thus the binning policy may determine which logical batch is formed, but concatenating a fixed
batch changes neither its mathematical computation nor its gradient. Floating-point kernels may still
differ at roundoff because a permutation can change reduction order.

B.2 Conditional independence and the metadata reduction

Let an admitted document beXi = (Zi, Yi), where Zi contains every intrinsic field consulted by ad-
mission and binning—token length, action-chunk count, role and modality structure, and truncation
class—and Yi is the remaining content. Skip count is state derived only from the history of these
fields; arrival order and randomized tie-breaking are exogenous. Assume the admitted documents
are IID from P and the exogenous variables are independent of Y conditional on Z. Because the
packing decision is measurable with respect to this information, the law Qm of an emitted bin of
aritym factorizes as

Qm(dz1:m, dy1:m) = QZ
m(dz1:m)

m∏
j=1

P (dyj | zj). (42)

Hence the residual contents remain independent after conditioning on packer-visible metadata. More-
over, the packed law and the IID reference share the same conditional kernel, so integrating over Y
gives

dTV
(
Qm, P⊗m

)
= dTV

(
QZ

m, P⊗m
Z

)
, DKL

(
Qm ∥P⊗m

)
= DKL

(
QZ

m ∥P⊗m
Z

)
. (43)

The total departure from IID created by bin assignment is therefore exactly captured by the low-
dimensional packing metadata. This makes an empirical ϵ auditable from packing traces. A bound
relative to the pre-admission source distribution must additionally include filtering, truncation, and
over-limit drops.

B.3 What the skip threshold does and does not prove

Once a queued document reaches si ≥ S, every subsequent arrival triggers another packing pass.
The current rule does not force its underfilled bin to emit, so si may continue to increase. The forced
end-of-input pass, rather than S, supplies finite-input completion. Let P̂survive be the empirical law
of documents in bins that pass all filters and limits, measured before concatenation, and let P̂packed
be the law after the forced flush. Packing only permutes this multiset, and therefore

dTV

(
P̂survive, P̂packed

)
= 0. (44)

This is ϵ = 0 for the surviving one-document marginal, not for the joint law within a bin. To see why
no nontrivial distribution-free joint bound exists, takeK equiprobable length classes and a capacity
rule that admits exactly one document of each class. The packedK-tuple lawQK is supported only
on heterogeneous tuples, while the IID product assigns that support probabilityK!/KK . Therefore

dTV
(
QK , P⊗K

)
≥ 1− K!

KK
−→ 1. (45)

The skip threshold controls when packing is retried; it does not make the documents within a bin
approximately independent.
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B.4 Padding bound

Let N be the ordinary emitted bins, each of which satisfies ub/L ≥ ρ, and let E contain the action-
limit and final-flush exceptions. With fixed capacity L, the overall padding fraction obeys

Rpad ≤
(1− ρ)L|N |+

∑
b∈E(L− ub)

L (|N |+ |E|)
. (46)
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C Robot support matrix

Table 17 summarizes the inventory. The support inventory contains 37 platform configurations,
which resolve to 36 unique public platform identities after aliases are normalized. Of these identi-
ties, 31 map to real robot hardware or a hardware family, two are simulated settings, one is a gamepad
layout, one is a physical capture rig, and one aggregates a multi-platform dataset (Wu et al., 2025;
Liu et al., 2023; Magne et al., 2026; Chi et al., 2024; Dasari et al., 2019). Public names and kinds
were checked against manufacturer, benchmark, or dataset documentation. This is a configuration
inventory, not evidence of a released interface or physical checkpoint validation.

Table 17: Robot platform inventory. Counts summarize the platform types represented in the support matrix.

Contract kind Count Examples

Robot hardware or hardware
family

31 AgiBot, Franka, Unitree, WidowX,
and xArm

Simulated benchmark or setting 2 LIBERO; USC Cloth Simulation
Physical capture interface 1 UMI 4.0
Gamepad controller 1 Xbox / PlayStation layout from

NitroGen
Multi-platform dataset 1 RoboNet

Table 18: Robot support matrix, part 1 of 3. One row per public platform identity; fields union all matching
configuration contracts.

Platform Kind Config
family

Action contract Cameras State Hz

AgiBot G2 Hardware agibot_g2 joint_gripper_40 3 views: head/left_
wrist/right_wrist

71D (com-
ponents)

variable

AgileX COBOT
Magic

Hardware agilex joint_gripper_14;
joint_gripper_eef_
pose_26

1-3 views:
external_high/
front/head/left_
wrist/right_wrist

14/26D
(compo-
nents)

variable

AgileX Split
ALOHA

Hardware agilex joint_gripper_eef_
pose_26

3 views: external_
high/head/left_
wrist/right_wrist

26D (com-
ponents)

variable

AI2 AlphaBot 2 Hardware alpha_bot joint_gripper_eef_
pose_28

3 views: head/left_
wrist/right_wrist

28D (com-
ponents)

variable

AIRBOT MMK2 Hardware airbot joint_hand_36 3 views: external_
high/head/left_
wrist/right_wrist

36D (com-
ponents)

variable

Bimanual
UFACTORY
xArm

Hardware xarm_
bimanual

state_14 (ee) 1 view: primary 12D (com-
ponents)

10

Bimanual YAM
follower

Hardware bi_yam joint_gripper_14;
joint_gripper_16

3-5 views:
external_high/left_
wrist/right_wrist/
top/top_left/top_
right

14/16D
(compo-
nents)

15/30/
60

Everyday Robots
helper robot

Hardware everyday_
robots

gripper_10; gripper_7;
state_7

1 view: primary 7/8/9D
(compo-
nents)

3/10

Fourier GR-1 Hardware gr1 joint_hand_29; joint_
hand_padded_44

1 view: ego 29D (com-
ponents)

variable

Franka arms
(aggregate)

Hardware franka gripper_7; gripper_
eef_pos_8; state_15;
state_20; state_4;
state_6; state_7; state_
8 (ee/joint)

1-4 views:
external_high/
primary/
secondary/
unknown/wrist

2/7/8/13/14/
21/23/24/25/
28D (com-
ponents/
none)

5/10/20
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Table 19: Robot support matrix, part 2 of 3. One row per public platform identity; fields union all matching
configuration contracts.

Platform Kind Config
family

Action contract Cameras State Hz

Franka Panda Hardware franka gripper_eef_pose_7
(ee); gripper_7; state_
7 (ee)

2-3 views:
primary/
secondary/wrist

8/14D (com-
ponents)

15

Franka Research 3 Hardware franka joint_gripper_8 (joint) 6 RGB/depth
streams: external_
gopro/external_
zed2_1/external_
zed2_2/shoulder/
wrist

8D (compo-
nents)

variable

Galaxea R1 Lite Hardware galaxea joint_gripper_14;
joint_gripper_18

3-4 views:
external_high/
head_left/head_
right/left_wrist/
right_wrist

14/16D
(compo-
nents)

variable

Galbot G1 Hardware galbot joint_gripper_16 3 views: external_
high/left_wrist/
right_wrist

35D (com-
ponents)

variable

Hello Robot
Stretch

Hardware stretch state_7 (ee) 1 view: primary 7D (compo-
nents)

30

Kinova JACO Hardware jaco gripper_4 2 views: primary/
wrist

21D (com-
ponents)

10

KUKA LBR iiwa Hardware kuka gripper_eef_delta_7;
state_4 (ee)

1 view: primary 9/28D (com-
ponents)

10/30

LEJU KUAVO 4
(RoboCOIN)

Hardware leju joint_hand_54 3 views: head/left_
wrist/right_wrist

54/90D
(compo-
nents)

variable

LeRobot SO-100 /
SO-101

Hardware so100_
so101

joint_gripper_6 (joint) not recorded 6D (compo-
nents)

variable

LIBERO (Panda
simulation)

Simulation libero gripper_7 2 views: primary/
wrist

8D (compo-
nents)

20

OpenArm
follower

Hardware openarms_
follower

joint_gripper_16 3 views: base/left_
wrist/right_wrist

16D (com-
ponents)

variable

Rainbow Robotics
RB-Y1

Hardware rby1 mixed_delta_
absolute_joint_base_
gripper_torso_20
(joint)

5 RGB/depth
streams: head/left_
wrist/right_wrist

22D (com-
ponents)

variable

RealMan
RMC-AIDA-L

Hardware realman joint_gripper_eef_
pose_28

3 views: external_
high/head/left_
wrist/right_wrist

28D (com-
ponents)

variable

Rethink Robotics
Sawyer

Hardware sawyer gripper_7; state_5 (ee) 1 view: primary 21D (com-
ponents/
none)

10

50



Table 20: Robot support matrix, part 3 of 3. One row per public platform identity; fields union all matching
configuration contracts.

Platform Kind Config
family

Action contract Cameras State Hz

RoboNet
multi-platform
collection

Multi-
robot

various state_5 (ee) 3 views: primary/
secondary

5D (compo-
nents)

10

SoftStone
Tianqing A2-D

Hardware ruantong joint_gripper_17;
joint_gripper_34

3 views: external_
high/left_wrist/
right_wrist

17/41D
(compo-
nents)

variable

Trossen WidowX Hardware widowx gripper_7 1 view: primary 7D (compo-
nents)

5

UFACTORY
xArm

Hardware xarm state_2; state_7; state_
8 (ee/joint)

1-3 views:
primary/
secondary/wrist

2/8/15/20D
(compo-
nents)

10

UMI 4.0 capture
rig

Capture umi bimanual_ee_pose_
rotation6d_gripper_20
(ee)

1 view: head 20D (com-
ponents)

variable

Unitree G1 (WBT
setting)

Hardware unitree_
g1_wbt

ee_hand_body_60 2-4 views:
external_high/
external_high_2/
head_left/head_
right/left_wrist/
right_wrist

60D (com-
ponents)

variable

Unitree G1 EDU
U3

Hardware g1 joint_hand_28; joint_
hand_30

1-3 views:
external_high/
head/head_left/
left_wrist/right_
wrist

28D (com-
ponents)

variable

Unitree Go1 Hardware go1 state_12 (joint) not recorded 68D (com-
ponents)

10

Universal Robots
UR5

Hardware ur5 gripper_7 2 views: primary/
wrist

14D (com-
ponents)

10

USC Cloth
Simulation

Simulation usc_cloth_
sim

state_4 (ee) 1 view: primary none 10

Willow Garage
PR2

Hardware pr2 state_8 (ee) 1 view: primary 7D (compo-
nents)

10

Xbox /
PlayStation
gamepad

Controller generic gamepad_binary17_
joystick4_21

1 view: screen_
capture

none 30/60

Tables 18–20 give one row per checked public platform identity. Duplicate Franka Panda entries are
merged after reconciling their source schemas, camera layouts, state widths, and source rates.

D Null-routing trace and intervention protocol

The routing study used the step-30,000 learned-null checkpoint with 256 real experts, one learned
physical null row expanded to 256 exchangeable logical null slots, and top-8 routing. Exact physical
reconstruction compared each real router logit with the shared physical null-row logit; a tie counted
as a real route. The 7,491-request multimodal trace contained 5,006 identity-eligible rows and 2,485
drifted rows. Drifted rows remained available for routing summaries after artifact validation but
were excluded from quality, output, and timing joins. A separate video trace contained 2,144 identity-
admitted requests. Request-balanced and token-weighted estimands were kept separate; Figure 18
reports the request-balanced values.

The image analysis reconstructed 7,554 processor-validated maps. Same-media examples had me-
dian spatial correlation near 0.972, compared with about 0.182 for unrelated images with the same
grid shape. The gap indicates both stable spatial structure and content dependence. In two disjoint
64-request cohorts, the physical-router corner contrast was positive for every request at decoder layer
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0 and retained the same sign through all 40 layers. Swapping corner embeddings with matched inte-
rior embeddings nearly reversed the layer-0 contrast; broadcasting one interior embedding to every
image slot reduced the layer-0 routed-real residual to 0.005. At layer 3, the first full-attention layer,
the residual returned to 0.646. Swapping the complete projected layer-3 attention output attenuated
the heldout routed-real contrast by 77.4% and the physical router-margin contrast by 79.5% at the
point estimates. Swapping decoder MRoPE labels left almost all of the contrast intact: final vision
content seeds the early preference, and non-MRoPE full-attention slot/order dynamics regenerate it.
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