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Abstract

The life-cycle of robotics foundation models crucially depends on data labels. Outcome reward labels are
needed for monitoring real-world deployments. Process reward labels are needed during RL post-training.
Timestamped captions are needed for filtering and balancing pretraining data. We present Flora, an industrial-
strength data engine used for training GROOT models, that simultaneously covers these capabilities. Flora
achieves SOTA scores on the captioning benchmark WGO-Bench and reward benchmarks RoboReward and
Robometer. On internal benchmarks it is competitive with GPT-6 Astra while beating other frontier models.
The model is substantially cheaper than API-based alternatives, roughly ~ 125x cheaper than GPT-6 Astra.
Flora is battle tested at scale, labeling 200,000 hours of data per day across 512 GB300s. By open-sourcing our
data engine, we enable researchers to scale custom robotics datasets and explore emerging applications such
as physical auto-research and human-to-robot transfer.
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Figure 1: Capabilities. Flora produces timestamped captions by first segmenting videos and then captioning individual
segments. Flora can also produce outcome and process rewards, and rewards based on rubrics specified at test-time.
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Figure 3: Annotation quality versus cost. Flora achieves competitive quality at substantially lower cost compared to
GPT-6 Astra. Evaluation and cost assumptions appear in Appendix D.

1. Overview

Robotics foundation models have evolved from single-embodiment policies [1] to generalist models trained
on large, heterogeneous corpora [2-5]. Across these large datasets, high-quality labels are imperative for
performant models. Pretraining benefits from timestamped action instructions that enable language condition-
ing [6] and let practitioners rebalance the data mixture [7, 8]. RL post-training [9, 10] requires process rewards
that measure progress within an episode, analogous to step-level supervision in language models [11, 12].
Deployment needs outcome rewards to monitor fleets, detect failures [13], and evaluate policies at scale [14].

Most existing systems cover only one annotation type. General-purpose frontier models can provide several
types, but are expensive at the scale of modern robot datasets. We present Flora, an industrial-quality data
engine used to train GROOT models. It consists of three models—a captioning model, a segmentation model,
and a reward model—that together produce timestamped captions, process rewards, and outcome rewards.
User-defined rubrics additionally support flexible reward modeling at test time. The engine is battle tested
at scale, labeling up to 200,000 hours of data per day across 512 GB300 GPUs. By open-sourcing Flora,
we enable researchers to scale custom robot datasets and explore emerging applications such as physical
auto-research [15] and human-to-robot transfer [16].
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2. Capabilities and Results

Table 1: Benchmark scores. Flora is competitive with GPT-6 Astra while beating other baselines. Values are scaled by 100.
Full comparisons appear in Appendix A.

BENCHMARK / METRIC PROPRIETARY OPEN-WEIGHT
s TR CL SR S o S
WGO-Bench
Segmentation F1@0.75 T 50.3 46.0 33.7 26.4 255 26.1 19.5
Gold-window accuracy T 64.7 77.4 56.6 70.9 49.3 50.6 46.0
" Joint semantic F1@0.75 T 345 39.0 24.6 21.7 15.4 16.7 11.2
z
E DenseCaptionBench Human100 subset
§ Segmentation F1@0.5 T 54.6 442 32.6 335 22.7 21.1 19.6
% Caption point quality T 66.5 60.3 36.4 46.7 31.0 30.3 29.1
% Joint point F1@0.5 T 37.4 29.7 14.6 17.7 8.2 7.9 7.8
: DenseCaptionBench Robot200 subset
Segmentation F1@0.5 T 66.9 71.9 45.8 45.8 459 41.2 37.0
Caption point quality T 73.7 80.2 69.6 66.0 49.7 48.0 49.5
Joint point F1@0.5 T 51.0 57.9 33.6 32.2 23.6 22.2 19.8
RoboRewardBench / RobometerBench
RoboReward MAE i 40.0 55.4 78.0 83.3 88.2 68.2 87.1
Robometer OOD Kendall T 72.0 82.3 64.2 63.3 63.1 63.5 48.8
Robometer ID VOC T 98.9 98.9 97.1 96.9 91.8 97.2 91.5
g Robometer OOD VOC T 99.6 99.7 99.3 98.6 98.6 99.7 97.1
=
% DenseRewardBench
E Macro F1 T 46.2 40.7 36.3 38.8 33.9 31.2 34.7
g Balanced accuracy T 54.2 441 37.8 40.2 35.1 32.3 39.2
& Bad-action F1 T 47.7 44.8 26.4 31.2 22.9 17.6 31.3
Failure recall T 53.3 0.0 1.0 11.7 0.3 0.3 3.3
RubricBench
Pooled L1 error i 6.5 3.6 8.4 32.6 17.1 15.6 8.9
Flora Best in row (ties) Arrows indicate better
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Figure 4: One data engine, complementary capabilities. Timestamped caption and reward labeling results across six
tasks. All values are scaled by 100. Full comparisons appear in Appendix A.

2.1. Timestamped Action Captions

We evaluate temporal segmentation, captioning on gold reference intervals, and joint annotation on predicted
intervals. Flora uses its default pipeline (Section 4.1) with the validation-selected segmentation and captioning
RL checkpoints.

Common pipeline. We use a shared two-stage pipeline for off-the-shelf models. One call segments timestamped
episode contact sheets, followed by one captioning call per fixed interval with up to two seconds of context
on either side. Both stages use the same model and fixed stage-specific prompts. Caption-only evaluation
substitutes reference intervals. Reference captions are never supplied. These comparisons evaluate complete
systems with different visual inputs and inference compute (Appendix B).

WGO-Bench. Table 2 reports model comparisons on WGO-Bench [17], comprising 25 human egocentric
episodes (HomER), 50 robot episodes with external views (DROID), and 25 with head-camera views (Galaxea).
All systems, including Flora, receive the episode instruction in both stages. Comparisons use one-to-one
temporal matching at tloU > 0.75 and the public text-only caption rubric. Joint matches require both temporal
and caption agreement. Flora attains 50.3% mean segmentation F1, 34.5% mean joint F1, and 64.7% gold-
window caption accuracy. It leads segmentation and ranks second in joint F1 behind Astra’s 39.0%. Caption
accuracy remains below Astra and Gemini 3.8 Flash, so the gains primarily reflect temporal localization.

Pipeline comparison. Figure 5 compares Flora with the common pipeline, Refiner [18], LeRobot [19], and
Pegasus [20]. Compared with Refiner, Flora improves mean segmentation F1 by 16.9 points and joint F1 by
7.3 points, with similar gold-window caption accuracy (64.7% vs. 64.3%). Additional backbone comparisons
and API substitution diagnostics appear in Appendix B.6.
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Figure 5: Complete pipelines on WGO-Bench. Equal-subset mean scores (%, 1), with generation backbones shown. Full
results and protocols appear in Appendix B.6.

DenseCaptionBench. WGO-Bench provides a public test of subtask annotation, but its 100 single-view
episodes offer limited task and scenario coverage and do not test multi-view recordings or dexterous-hand
manipulation. Its binary caption matches also do not quantify partial coverage of action details. We introduce
DenseCaptionBench to assess these requirements on 300 complete episodes, with 100 each for humans, parallel-
gripper robots, and dexterous-hand robots. Robot episodes retain all camera views. Selection prioritizes task,
action, and manipulator-role coverage without using model performance scores. The human track spans 56
environment labels and 95 task labels. Segmentation reports F1 at tloU > 0.5. Oracle captioning gives partial
credit for intended action, object identity, manipulator coordination, and spatial relations while penalizing
demonstrated factual errors. Appendix B details construction and scoring.

Table 3 reports Human100 and Robot200 results. Flora obtains 54.6% segmentation F1, 66.5% oracle caption
quality, and 37.4% joint F1 on Human100, leading all three metrics. Robot Avg scores are 66.9%, 73.7%, and
51.0%, respectively. Human joint F1 exceeds Astra’s 29.7% by 7.7 points. On Robot200, Flora ranks second to
Astra across the three metrics. Its 51.0% joint F1 compares with 57.9% for Astra and 33.6% for the next-best
baseline.

2.2. Reward Labeling

We evaluate Flora-Rewarder on outcome, dense, and rubric-derived rewards across two public and two internal
benchmarks. General-purpose baselines receive the same task instructions and answer formats as Flora. Frame
budgets and decoding settings have model-specific settings. Results for specialized reward models are taken
from their publications and retain their original protocols. Further details are given in Appendix C.

Outcome accuracy. RoboRewardBench [21] scores 2,831 episodes on a human-labeled 1-5 outcome scale,
and we report the mean absolute error (MAE) of the decoded score. As Table 4 shows, Flora-Rewarder achieves
an MAE of 40.0, compared with 55.4 for GPT-6 Astra and 66.5 for the specialized RoboReward model, with
all errors multiplied by 100. This is a 27.8% reduction relative to Astra. The advantage comes from partially
completed tasks.

Trajectory ranking and progress. RobometerBench [22] tests whether rewards rank 567 out-of-distribution
(OOD) trajectories by quality, measured by Kendall’s 7,, and whether predicted progress follows elapsed
time on successful in-distribution (ID) and OOD trajectories, measured by value-order correlation (VOC).
Flora-Rewarder ranks trajectories by the expected outcome reward and derives progress by accumulating its
dense reward. In OOD ranking, it trails only GPT-6 Astra at 72.0 versus 82.3. It ties Astra at 98.9 ID VOC and
reaches 99.6 OOD VOC, exceeding the reported specialized reward baselines on their evaluated metrics. VOC
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measures ordering on successful episodes and does not establish failure-detection accuracy.

Dense reward. Public reward benchmarks score whole episodes or track task progress. They do not test
whether a model can find the moments when a robot acts poorly or fails. DenseRewardBench contains 40
held-out bimanual episodes with human action-quality labels, scored on 4,861 time steps. Flora-Rewarder
achieves the best value on all four metrics in Table 5, with a macro F1 of 46.2. Its largest advantage is failure
detection: it recalls 53.3% of failure steps, whereas no baseline exceeds 11.7%. GPT-6 Astra comes closest in
bad-action F1 but detects no failures. Higher failure recall has a cost: Flora-Rewarder also labels about 11% of
normal steps as failures.

Rubric-derived reward. RubricBench is an in-house evaluation benchmark which contains 40 teleoperated
robot episodes from 10 tasks, each graded by humans against a human-created rubric. The metric is the L1
distance between the ground-truth scores and the model predicted scores. Flora-Rewarder reaches a pooled
L1 of 6.5, which is more accurate than nine of the ten general-purpose models (Table 5). Astra achieves 3.6.
These are system-level comparisons, Appendix C specifies model-specific camera settings, missing-response
accounting, and further details

2.3. Annotation Efficiency

Figure 3 compares Flora with six proprietary models at three reasoning settings on a fixed 50-episode subset
of DenseCaptionBench, comprising 20 human, 15 parallel-gripper, and 15 dexterous-hand episodes. Quality
equally weights segmentation, reference-window captioning, and joint annotation across the three embodiments.
Flora achieves 57.1% quality at an estimated $0.72 per hour of source video under an eight-GB300 deployment
at $10/GPU-hour. GPT-6 Astra at maximum reasoning effort achieves 53.7% quality at a known-usage API cost
of $88.49 per hour. The estimated cost is approximately 125x lower, with mean quality 3.3 percentage points
above Astra, computed from unrounded means. Cost accounting, reference versions, confidence intervals, and
quota-based throughput estimates appear in Appendix D.

3. Qualitative Examples

Figure 6 compares Flora to GPT-6 Astra on temporal coverage, intended actions, and reward decisions. Additional
qualitative evidence appears in Appendix E.

Temporal coverage and local operations. In the selected episode, Flora matches 34 of 37 reference intervals,
compared with four for Astra, yielding F1@0.5 scores of 82.9 and 18.2. The caption examples show the
importance of preserving the intended operation: Flora identifies wire insertion and a right-to-left handover,
where Astra describes a flower piece and pouch folding, respectively. The first caption also distinguishes the
hand holding the connector from the hand inserting the wire.

Failure severity and partial outcomes. Both models describe the falling component, but only Flora-Rewarder
assigns the failure label. In the bottle task, Flora-Rewarder distinguishes partial progress from complete failure:
toppling the bottle without knocking it off the table receives the reference score of 3/5, whereas Astra assigns
1/5.

4. Methods

We now go into technical details of how Flora is created. Flora aligns intended-action descriptions with
execution quality. Captioning localizes each action and describes it using visual context. Reward labeling
evaluates individual steps, episode completion, or a user-defined rubric.
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Figure 6: From intended actions to execution quality. Selected examples show temporal coverage (top), human action
captions (middle), and failure recognition and partial progress on DenseRewardBench and RoboRewardBench (bottom).

4.1. Timestamped Captions

In robotics we often need dense, timestamped captions. Given a human or robot video X of duration 7', we
output tuples (s, e, c¢). The string ¢ describes the intended action between time s and time e. An action may
span several movements and need not succeed. One model provides temporal segments (s;, ;) while another
provides the captions ¢;. Flora thus produces

A(X) = {(si, €5, ¢) iy, I = [si,e;), 0<s;<e <T. (@)}

The pipeline applies a segmentation model to overlapping windows, stitches its predictions into episode-level
intervals, and applies a captioning model to each interval with local context (Figure 7).

Temporal segmentation and stitching. We divide an episode into overlapping windows, each with a central
output region and surrounding context. The segmentation model predicts start and end times relative to the
window, with binary flags indicating continuation past its left and right edges. A deterministic filter retains only
fragments intersecting the central region. An action may appear partially in several windows. We convert local
timestamps to episode time and join compatible fragments using temporal overlap and predicted continuation
flags, while retaining separate intervals for concurrent actions. Boundary refinement reuses the segmenter on
shifted windows. Appendix F details the stitching and refinement rules.
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Figure 7: From video to reusable supervision. Overlapping windows are stitched into event intervals for contextual
captioning. One reward model provides dense, outcome, or rubric labels. Timelines are schematic.

Contextual captioning. For each reconstructed interval I;, the pipeline prepares target frames X; and context
frames X; and X;" from the nearest non-overlapping events before and after it. The captioning model g4
independently generates an instruction c;:

(& :g¢(X;7Xi)Xi+’qCap)' 2)
The pipeline explicitly labels the before, target, and after blocks. Neighboring frames help resolve object identity
and local intent, while the caption remains restricted to I;. Unavailable context is omitted. For multi-camera
recordings, the pipeline tiles synchronized views into one image at each sampled time. The prompt identifies
camera roles and requests one description of each action across views. Single-camera recordings use the same
temporal blocks. The prompt requests a self-contained imperative describing the intended action, objects,
manipulator roles, and relevant spatial relations. Failed attempts retain their intended goal without implying
success. Finally, the pipeline pairs each generated caption ¢; with its fixed interval I; to form A(X).

4.2. Reward Labels

Robot foundation models need rewards at several granularities. Outcome rewards judge whether an episode
accomplished its task, for deployment monitoring, data filtering, and policy evaluation. Dense rewards localize
where an episode goes wrong, for per-step credit assignment in RL post-training and fine-grained data curation.
For flexible reward modeling at test time, we also support rubric-derived rewards. Flora-Rewarder is a single
model r; that provides all three, selected by its prompt. Outcome and dense prompts tile synchronized camera
views into one mosaic per sampled time and condition on the global task instruction. Rubric grading receives
separate synchronized camera videos.

Outcome reward. Reinforcement learning for robot policies often learns only from whether each episode suc-
ceeded. Simulators report this outcome automatically [9], but on real robots a person labels each episode [10].
An outcome reward model can provide these labels instead. The outcome reward scores task completion from
complete failure (s = 1) to complete success (s = 5), optionally after a short rationale. For a continuous
reward, we read the distribution over the five score tokens and rescale its expectation to [0, 1] (Eq. (19)).
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Dense execution quality. Feedback at every step helps where a single outcome is too coarse. Each 0.5-second
step is labeled failure (1), suboptimal (2), or normal (3). A failure causes a major task failure, an unsafe or
destructive event, or a loss of task viability. A suboptimal action is hesitant, inefficient, imprecise, or locally
incorrect, but recoverable. Labels are retrospective: later frames may reveal a mistake, but a later recovery
does not improve an earlier step. The model also returns a rationale for each contiguous non-normal span.
Windows span 16 seconds and advance by 10 seconds. We drop the last four seconds of each non-final window
so that retained labels have later visual evidence, then stitch labels on the episode clock. These retrospective
annotations are intended for offline labeling.

Rubric-derived reward. A scoring rubric lets users flexibly define rewards at test time. A rubric lists task steps,
each with a set of possible scores whose maxima sum to one. Given the episode, instruction, and rubric, the
model reasons in thinking mode and then awards one score per step. The total credit is

Ry(X)=) "4, 4 €Vs > maxV;=1, (3)
j=1 j=1

where V; contains the allowed grades for step j. Table 11 gives an example. Appendix G specifies the inputs,
output formats, and score extraction.

4.3. Training

Training infrastructure. To build the Flora data engine, we fine-tune open-source VLMs from the Qwen3.5
family [23]. SFT uses NeMo AutoModel [24], and RL uses a custom implementation in PyTorch. Optimization
and annotation-RL details appear in Appendices F and G.

Data strategy. We train on a combination of open-source datasets, licensed proprietary datasets, and in-house
datasets that we collect and label ourselves. Human annotators provide dense, timestamped captions and
action-quality labels, guided by detailed labeling guidelines. Reward supervision also includes episode outcomes
and rubric grades.

Supervised fine-tuning. We initialize the segmentation model fs from Qwen3.5-9B, and the captioning model
gs and reward model r, from Qwen3.5-27B. All three models minimize output-token cross-entropy. The
segmenter uses LoRA with a frozen visual encoder. The captioner updates the language model and visual
merger. Segmentation targets encode window-local intervals and continuation flags. Instruction targets use
annotated event boundaries and neighboring context.

For the reward model, we fine-tune the language model, visual merger, and visual encoder, using a lower
learning rate for the visual encoder. Rows from all three reward families are shuffled together, without
reweighting or oversampling, and trained jointly for one epoch. Rubric examples are answered in thinking
mode, while outcome and dense examples are answered directly. The released reward model uses SFT only.

Reinforcement learning for segmentation. We further train the SFT segmenter with GRPO [25]. A verifiable
reward is rgeg = 0.45F0.5+0.15F).75 +0.25P) 5 +0.158, where F; and P, are temporal F1 and precision at tloU
threshold 7, and B measures endpoint and continuation-flag accuracy. We update only LoRA parameters, with
group-mean advantages and KL regularization to the fixed SFT policy. Scoring is restricted to each emission
core.

Reinforcement learning for captioning. We further optimize the SFT captioner with GRPO using a reference-
grounded point-quality reward. Source-video evidence and reference requirements define 7., = 2M/(R +
M + F), where R is supported reference mass, M is covered mass, and F’ penalizes demonstrated factual errors.
The reward gives partial credit for supported content. We use group-mean advantages and KL regularization
to the fixed SFT policy. Validation selects the two annotation checkpoints independently before benchmark
evaluation.
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5. Conclusion

We present Flora, an industrial-quality data engine for timestamped captions, process rewards, and outcome
rewards for robotics datasets. Flora has been used to train GROOT models. The model is competitive with GPT-6
Astra on captioning benchmarks while improving on reported specialized reward models on RoboReward and

Robometer. Its estimated labeling cost offers a practical route to annotating large pretraining corpora. By
open-sourcing Flora, we hope to enable the community to scale custom robot datasets and to explore novel
research directions such as physical auto-research and human-to-robot transfer.

Acknowledgements. We are grateful for discussions and help from Cristaldo Campos, Omar Laymoun, Anita
Agasaveeran, Marina Davila, Jenna Diamond, and the broader NVIDIA community.
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A. Complete Benchmark Results

Figure 4 and Table 1 summarize selected baselines. The tables below retain every evaluated model and metric
breakdown. All values are scaled by 100. Green identifies Flora, and shaded cells mark the best displayed
result, including ties. Evaluation protocols appear in Appendices B and C.

A.1. Timestamped captions: WGO-Bench

Table 2: WGO-Bench results. Subset scores and equal-weight averages (%, 1). Off-the-shelf models use the common
pipeline, and Flora uses its default pipeline (Section 4.1).

Segmentation Captioning Joint annotation
F1@0.75 Gold-window accuracy Semantic F1@0.75

Model / system HomER DROID Galaxea Avg HomER DROID Galaxea Avg HomER DROID Galaxea Avg
Proprietary models
GPT-6 Astra 25.2 65.5 472 460 640 820 86.2 774 193 545 43.1 39.0
GPT-5.6 Sol 235 440 335 33.7 487 62.7 585 566 169 336 234 246
GPT-5.6 Luna 206 323 378 302 46.8 553 577 533 133 223 240 199
Gemini 3.8 Flash 239 308 245 264 630 700 79.7 709 206 237 209 217
Gemini 3.1 Pro 120 270 38.1 257 577 58.7 569 578 75 149 294 173
Claude Opus 5 106 388 272 255 451 50.0 528 493 74 20.1 187 154
Claude Sonnet 5 3.2 29.5 296 208 368 313 374 352 26 109 194 110
Open-weight models
Qwen3.5-27B 12.7 28.8 25.7 224 423 393 496 437 54 15.8 200 137
Qwen3.5-397B-A17B 105 28.7 194 195 470 447 46.3 46.0 8.2 14.0 115 11.2
Kimi K3 189 28.2 31.1 26.1 440 573 504 506 127 179 196 16.7
Flora (ours) 23.9 56.1 70.8 503 64.0 553 748 647 179 325 53.1 345

A.2. Timestamped captions: DenseCaptionBench

Table 3: DenseCaptionBench results. Scores on 100 human, 100 parallel-gripper (Grip.), and 100 dexterous-hand (Dex.)
episodes under the shared point-quality protocol (%, 1). Off-the-shelf models use the common pipeline, and Flora uses its
production pipeline (Section 4.1).

Segmentation Oracle captioning Joint annotation
F1@0.5 Point quality Point F1@0.5
Model / system Robot Robot Robot
Human Human Human

Grip. Dex. Avg Grip. Dex. Avg Grip. Dex. Avg
Proprietary models
GPT-6 Astra 442 707 731 719 603 79.6 808 80.2 297 57.7 58.1 579
GPT-5.6 Sol 326 324 592 458 364 688 703 696 146 228 443 336
GPT-5.6 Luna 214 238 519 379 285 542 52.1 532 8.1 13.7 315 226
Gemini 3.8 Flash 335 337 579 458 46.7 644 675 660 177 226 417 322
Gemini 3.1 Pro 20.7 29.0 433 36.2 391 447 480 464 93 11.5 21.1 163
Claude Opus 5 22.7 425 492 459 31.0 500 493 497 82 23.2 240 236
Claude Sonnet 5 138 336 421 379 230 319 404 362 44 13.1 178 155
Open-weight models
Qwen3.5-27B 133 215 548 382 293 442 474 458 53 11.0 277 194
Qwen3.5-397B-A17B 196 263 476 370 29.1 46.2 527 495 7.8 139 25.7 198
Kimi K3 21.1 28.7 536 41.2 303 456 503 480 7.9 150 294 222

Flora (ours) 546 71.0 62.7 669 66.5 743 73.1 737 374 526 494 510
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A.3. Public reward benchmarks

Table 4: Public reward benchmarks. Flora-Rewarder has the lowest reported MAE and exceeds the specialized reward
baselines on their reported metrics. Published specialized-model scores retain their original protocols. All metrics are
multiplied by 100.

RoboRewardBench RobometerBench
Model MAE | 00D Kendall 7, 1 IDVOC 1t OoDb VvOoC ¢t
Proprietary models
GPT-6 Astra 554 82.3 98.9 99.7
GPT-5.6 Sol 78.0 64.2 97.1 99.3
GPT-5.6 Luna 779 59.3 95.7 98.7
Gemini 3.8 Flash 83.3 63.3 96.9 98.6
Gemini 3.1 Pro 99.6 57.2 85.3 96.8
Claude Opus 5 88.2 63.1 91.8 98.6
Claude Sonnet 5 96.6 48.3 86.1 89.7
Open-weight general models
Qwen3.5-27B 84.8 53.4 91.4 94.1
Qwen3.5-397B-A17B 87.1 48.8 915 97.1
Kimi K3 68.2 63.5 97.2 99.7
Specialized reward models
RoboDopamine — 45.0 79.0 80.0
RynnValue — 67.5 — —
LLM-as-a-Verifier 72.0 — — —
RoboReward 66.5 47.0 82.0 88.0
Robometer 75.0 65.5 92.0 94.0
Ours
Flora-Rewarder 40.0 72.0 98.9 99.6

A.4. Dense and rubric rewards

Table 5: Internal reward benchmarks. Flora-Rewarder achieves the best value on all four DenseRewardBench metrics and
grades rubrics more accurately than nine of the ten general-purpose models. All metrics are multiplied by 100

DenseRewardBench RubricBench

Macro Balanced Bad-action Failure Pooled
Model F14 acc. F14 recall © L1}
Proprietary models
GPT-6 Astra 40.7 441 44.8 0.0 3.6
GPT-5.6 Sol 36.3 37.8 26.4 1.0 8.4
GPT-5.6 Luna 34.7 34.9 17.6 2.3 22.6
Gemini 3.8 Flash 38.8 40.2 31.2 11.7 32.6
Gemini 3.1 Pro 32.8 33.2 16.0 3.0 15.1
Claude Opus 5 339 35.1 22.9 03 17.1
Claude Sonnet 5 31.5 32.4 13.3 0.3 22.4
Open-weight general models
Qwen3.5-27B 30.8 32.4 7.7 57 15.4
Qwen3.5-397B-A17B 34.7 39.2 31.3 33 8.9
Kimi K3 31.2 32.3 17.6 0.3 15.6
Ours
Flora-Rewarder 46.2 54.2 47.7 53.3 6.5
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Baselines. We consider both VLM models and full labeling pipelines as baselines. For models we consider
publicly available proprietary models: GPT-6 Astra [26], GPT-5.6 Sol and Luna [27], Claude Opus 5 and Sonnet
5 [28, 29], Gemini 3.1 Pro [30] and Gemini 3.8 Flash [31]. For open-weights models we consider Kimi K3 [32]
and Qwen3.5-27B and Qwen3.5-397B-A17B [23]. We also compare with a few specialized reward models:
RoboDopamine [33], RynnValue [34], LLM-as-a-Verifier [35], RoboReward [21], and Robometer [22]. Pipeline
backbones and implementations appear in Appendix B.6.

B. Timestamped Captioning: Evaluation Details

We evaluate localization, caption quality on reference intervals, and joint annotation on complete episodes.
The following sections specify benchmark construction, visual inputs, scoring, and supplementary pipeline
comparisons. All results use the model configurations reported in the main text.

B.1. DenseCaptionBench construction

Table 6 summarizes the fixed 300-episode DenseCaptionBench. Every episode supports all three evaluation
tasks. The parallel-gripper track is labeled YAM in Table 3, and Dex denotes the dexterous-hand track.

Table 6: DenseCaptionBench composition. Reference intervals may include idle gaps and concurrent intended actions.

Embodiment Visual evidence Episodes References
Human Egocentric camera 100 3,220
Parallel grippers  Main and two wrist cameras 100 1,266
Dexterous hands Main and two wrist cameras 100 391
Total 300 4,877

Coverage-based selection. We select episodes using available task, action, environment, and manipulator-
coordination metadata. For a feature group g, let 7, be its labels, N; the number of eligible pool episodes with
label ¢, and n.(.S) the number in a selected set S. The diminishing-return coverage objective is

a(s)=3" 71_g| 3 ”?@f) @

geg teT,

Greedy selection adds the admissible episode with the largest marginal gain, using fixed-seed tie-breaking and
duplicate filtering. Counts measure episode presence, not repeated event frequency. Robot selection also limits
repeated tasks and collection sessions and maintains source-family quotas. Missing metadata contributes no
coverage gain. Initial selection uses existing annotations and metadata without model outputs or scores, and
imposes no single-/multiple-event, duration, or event-density quota.

The human track spans 56 environment labels and 95 task labels. The two robot tracks span 99 and 75
source-qualified task groups, respectively. These are metadata coverage measures, not independently verified
counts of distinct skills. Unavailable or excluded sources are replaced using the same metadata-based criteria
before comparison on the final roster. The human cohort is therefore conditioned on source and service
availability.

Reference construction. Intended actions originate from human annotations and are refined through source
review and adjudication. Reference specifications record action requirements, object identities, coordination,
phase dependencies, and observation limits before candidate-caption access in the scoring stage. Robot
references include 1,364 units with established intended actions and 293 observed-operation proxies. These
types remain separately identified. Sampled review uses temporal coverage and targeted boundary inspection,
with uncertainty retained when the evidence is insufficient. It does not establish continuous visual coverage or
exact transition times. Reference eligibility is shared across compared models.
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B.2. Inputs and inference settings

Common pipeline. Off-the-shelf models use the two-stage interface in Section 2.1. One call segments
timestamped episode contact sheets. Each interval is then captioned independently from labeled before, target,
and after blocks, using the same model in both stages. Oracle captioning substitutes reference intervals for
predicted ones. Generation never receives reference captions, neighboring labels, or segmentation-stage draft
captions. Captioning cannot alter interval boundaries.

For WGO and human episodes, segmentation samples at 2 Hz, capped at 1,024 frames. Caption targets sample
at 4 Hz, capped at 256 frames. Context extends at most 2 seconds per side at 2 Hz, with at most five frames
per side. Capped sampling preserves the full interval span. Frames use timestamped 320 x 240 letterboxed
tiles in 4 x 4 contact sheets, encoded at JPEG quality 90.

Robot episodes retain their three camera streams. Segmentation samples uniform temporal bin centers at
nominal 2 Hz, capped at 256 mosaics. Caption targets use duration-adaptive sampling at nominal 8 Hz.
Nominal budgets are 8-40 target frames and 4-12 frames per available context block, up to 64 frames total.
Source availability can reduce these counts. Context remains limited to 2 seconds per side. Main and wrist
views form 768 x 648 mosaics for the parallel-gripper track and 640 x 720 mosaics for the dexterous-hand
track. A fixed image-scale ladder fits lossless PNG inputs within the request budget without removing selected
timestamps. Temporal packing may differ across request containers. Source-limited inputs retain explicit
padding or unavailable-input status.

Native Flora pipeline. The segmenter samples 64 frames at 4 Hz in 16-second windows, with a 12-second core
and 2-second guards. Long-horizon robot sources use 32-second windows, a 24-second core, and 4-second
guards. Local output coordinates use 20 Hz ticks with continuation flags. The production parser, adaptive
window processing, and stitching are fixed before evaluation. Inference uses BF16 computation while retaining
Gated DeltaNet parameters and temporal LoRA tensors in FP32. Greedy decoding allows 1,024 temporal tokens
and 512 caption tokens. The captioner uses the duration-adaptive 8 Hz sampling rule above through its trained
video processor. WGO uses adjacent-event context, while DenseCaptionBench evaluation clips real context to 2
seconds per side. Generation on DenseCaptionBench receives neither task labels nor reference text. All WGO
systems receive the dataset episode instruction in both stages. These are complete-system comparisons. Native
processors, prompts, window schedules, and inference compute differ from the common pipeline.

Table 7: Baseline decoding configurations. Output limits are in thousands of tokens (k = 1,024). Default denotes an
omitted request field, not a verified reasoning level.

Output limit
Model Reasoning and sampling DenseCaptionBench WGO
GPT-6 Astra xhigh, default sampling 32k 32k
GPT-5.6 Sol / Luna xhigh, default sampling 32k 32k
Gemini 3.8 Flash Default reasoning, temperature O 32k 32k
Gemini 3.1 Pro Default reasoning, temperature O 16k 32k
Claude Opus 5/ Sonnet 5 Provider defaults 32k 32k
Kimi K3 max, default sampling 32k 32k
Qwen3.5-27B Greedy on DenseCaptionBench, sampling on WGO 16k 32k
Qwen3.5-397B-A17B Temperature 0 on DenseCaptionBench, sampling on 16k 32k

WGO

Qwen WGO runs enable thinking with temperature 1, top-p = 0.95, top-k = 20, and presence penalty 1.5. On
DenseCaptionBench, the 27B runs disable thinking and use greedy decoding. The 27B baseline uses official
BF16 weights. For hosted models, weight revisions, numerical precision, and effective backend settings are not
independently exposed. Requested settings are fixed within each benchmark and are not compute matched.
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B.3. DenseCaptionBench scoring and aggregation

Temporal segmentation. Let 7 and Z* denote predicted and reference intervals. An edge is eligible at tloU
> 0.5. Caption-blind maximum-cardinality one-to-one matching gives TP and

2TP

|Z] + [Z~]

seg
We also retain tloU 0.75 as a sensitivity setting. Boundary arithmetic uses integer microseconds. There is no
reference-edge snapping. Only the final outer endpoint is intersected with the available media clock.

Caption quality. Each reference contains requirements in four groups: action, identity, coordination, and
detail, weighted 0.50, 0.25, 0.20, and 0.05. Each supported requirement « has a fixed mass m, and a binary
coverage indicator z,. Coverage requires a supporting caption span and satisfaction of the reference’s logical
dependencies. A phase-specific requirement additionally requires its associated action-phase predicates, so a
state from another phase cannot receive credit. With supported requirements A and distinct demonstrated
factual-error families £, we compute

R= Z Mg, M = Z MaZa, F=1.25 ng(h), (6)

acA acA he&

where w, ;) is the weight of error family #’s semantic group. Repeated descriptions of the same erroneous fact
incur one penalty. The resulting quality is

2M

TRiM<FE @

q
Equivalent paraphrases receive credit. Unverifiable assertions are distinct from demonstrated errors, and
confidence does not multiply the score. Source-uncertain requirements are excluded from supported mass.
A pair with no supported mass is unavailable. Failed attempts may still match the intended action without
claiming successful execution.

Oracle and joint tasks. Oracle captioning averages ¢ over all reference intervals in an episode. Joint annotation

first constructs every temporally eligible prediction-reference edge, then finds the one-to-one assignment M

maximizing total quality:

2 mj\é/xlx Z Qij
(i.5)EM

_ (8)
2+ 12

F,‘joint =
Empty captions retain their predicted intervals in the denominator. Joint F1 is not the product of separately
averaged segmentation and caption scores. Each embodiment equally averages its fixed 100 episodes. Robot
Avg equally weights the two robot tracks, with no combined human-robot score. Displayed subset scores use
one decimal with half-up rounding. Robot Avg is computed from the displayed subset percentages using the
same rule.

Judging. A fixed GPT-6 Astra judge evaluates candidate captions against reference requirements and sampled
source evidence, with model identities withheld. It uses high reasoning with a 12,000-token response budget
for human episodes and 20,000 for robot episodes. One truncated human judgment receives a single 24,000-
token recovery attempt with unchanged inputs. The first valid judgment is retained. Because Astra is also
an evaluated system, generator—judge self-preference is a limitation. The scores depend on the reference
requirements and sampled visual evidence. Camera timestamp agreement does not independently verify
hardware synchronization.
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B.4. Output validity and incomplete measurements

Deterministic normalization may remove complete JSON fences, unwrap a single unambiguous container, or
discard unrelated metadata. It does not rewrite captions or alter predicted intervals, apart from the stated
endpoint rule. Native outputs use the trained schema and production parser. Cache reuse requires matching
sources, intervals, prompts, model settings, and inputs. Technical recovery preserves the request. Returned
semantic answers and refusals are not resampled to improve results.

Fixed-denominator reporting. Failed generation and unavailable judgments receive no operational credit.
All episode, reference, and prediction denominators remain fixed, and resolved contributions within partially
measured episodes are retained. Unavailable judgment is a measurement status, not a finding that the caption
is factually wrong. We do not filter to the intersection of model-specific successful cases. The reported Flora
WGO evaluation has complete oracle and predicted-caption coverage. In the robot tracks of DenseCaptionBench,
five sources lack new caption generation and 98 judge jobs remain unavailable across oracle and joint tasks.
Previously measured temporal scores for the unchanged segmenter are retained. These gaps affect the
operational scores and preclude interpreting ranking marks as a fully observed ordering.

Technical recovery. WGO baseline requests generally allow up to three transport attempts with a 1,200-second
timeout. Kimi and GPT-5.6 Luna use first-attempt generation. Robot baseline generation allows at most two
attempts with a 300-second timeout. Archived baseline judgments allow up to six cumulative technical attempts,
with at most 900 seconds for the final attempt. New Flora RL judgments allow at most two identical attempts.
Recovery is restricted to technical failures with no retained valid verdict. Ambiguous transmitted requests and
refusals are not reissued under the final RL protocol. These historical recovery budgets differ across runs and
do not constitute matched service-compute budgets.

B.5. WGO-Bench protocol

WGO-Bench [17] contains 25 HomER, 50 DROID, and 25 Galaxea episodes with 470, 150, and 123 reference
segments, respectively. The benchmark provides single-view videos and episode instructions. Following its public
evaluation protocol, scoring copies snap the first predicted start and last predicted end to the corresponding
reference outer edges. Raw predictions remain unchanged. Segmentation uses maximum-cardinality one-to-one
matching at tloU > 0.75. Gold-window caption accuracy uses all reference targets. Joint matching additionally
requires caption acceptance under the public text-only rubric, judged by Gemini 3.5 Flash at temperature zero
with an 8,192-token budget. Counts are pooled within each subset, and reported averages equally weight the
three subset scores. The displayed average follows the rounded-subset convention used in the main tables.
Where intervals are reported, we use 2,000 paired episode-bootstrap draws stratified by subset.

All systems receive the episode instruction in both generation stages. Reference caption text is never supplied.
Flora uses the single-view inputs and native clocks with its fixed production workflow, without additional
benchmark-specific event merging or refinement. Thus the WGO results test transfer to the benchmark’s
annotation policy without tuning boundaries to its reference labels.

B.6. Supplementary pipeline comparisons

Protocol. The common pipeline, Refiner [18], and LeRobot annotate [19] share Gemini 3.5 Flash in Figure 5,
following Refiner’s published reference setting [17]. Table 9 repeats the comparison with Gemini 3.8 Flash [31].
These are our evaluations on the fixed WGO population. Both backbones use temperature zero and a 32,768-
token output limit. Refiner and LeRobot retain their native prompts and visual plans at revisions e402a667
and eb7ab54c6. Pegasus 1.5 [20] and trained Flora retain their own backbones.

For oracle captioning, Refiner uses its fixed-window labeling prompt without a seed caption, and LeRobot
uses its visual-description component on each reference interval. Pegasus receives an indexed list of reference
intervals with full-episode video context. Every system receives the episode instruction, but no reference caption

18



FLORA: An Open Model Suite for Scaling Robotics Data Engines

Table 8: WGO-Bench pipeline comparison. Subset scores and equal-weight averages (%, 1). Subsequent off-the-shelf
model comparisons use the common pipeline as a simple reference protocol that standardizes input construction and
prompts while limiting API-call and visual-token overhead.

Segmentation Captioning Joint annotation
F1@0.75 Gold-window accuracy Semantic F1@0.75
Pipeline / backbone HomER DROID Galaxea Avg HomER DROID Galaxea Avg HomER DROID Galaxea Avg
Shared backbone: Gemini 3.5 Flash [36]
Common pipeline 132 286 340 253 557 56.7 593 572 107 197 264 189
Refiner [2026] 220 314 469 334 577 653 699 643 158 265 394 272

LeRobot annotate [2026] 142 283 31.0 245 479 347 415 414 80 203 229 17.1

Model-specific backbones
Pegasus 1.5 [2026] 10.7 448 28.1 279 48.1 52.7 496 50.1 8.8 340 27.1 233
Flora (ours) 239 56.1 70.8 50.3 64.0 553 748 64.7 179 325 53.1 34.5

text. All three tasks use the same WGO scorer. Native visual representations, prompt sequences, and compute
remain different.

Backbone sensitivity. Refiner’s mean joint F1 increases from 27.2% with Gemini 3.5 Flash to 36.4% with
Gemini 3.8 Flash, compared with 34.5% for trained Flora. Flora retains the highest mean segmentation score,
while Refiner leads caption accuracy and joint F1 in the Gemini 3.8 comparison. Pipeline rankings therefore
depend on the generation backbone.

API substitution. As a diagnostic, we also replace both Flora models with the shared API backbone while
retaining production windows, prompts, continuation stitching, and caption context. Selected frames are sent
as timestamped PNG images rather than native video tokens. A bare segment array may be wrapped in the
required object without changing its entries. With Gemini 3.5 Flash, this variant reaches 19.4% segmentation
F1, 52.1% oracle accuracy, and 11.1% joint F1. Gemini 3.8 Flash improves these to 21.2%, 72.1%, and 16.4%.
Neither substitution matches the trained system, so these experiments do not establish an advantage of the
workflow alone.

The Gemini 3.8 reruns preserve one source exclusion following a prior refusal, including its 20 reference targets
in the denominators. Previously completed common-pipeline and Pegasus outputs are retained. Reruns use a
300-second timeout and at most three explicit service-error attempts. Native format correction and adaptive
window processing remain part of their respective pipelines. Unavailable captions receive no semantic match
credit, while valid segmentation outputs remain eligible for temporal scoring.
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Table 9: Pipeline comparison with Gemini 3.8 Flash. Scores are percentages (1). Avg equally weights the three WGO
subsets. Green numbers identify Flora variants. Shaded cells mark the best averages, including ties. The Pegasus and
trained Flora results match Figure 5.

Segmentation Captioning Joint
Pipeline Backbone Subset F1@0.75 Accuracy F1@0.75
HomER 239 63.0 20.6
L L. DROID 30.8 70.0 23.7
Common pipeline Gemini 3.8 Flash Galaxea 545 7.7 50.9
Avg 26.4 70.9 21.7
HomER 26.3 60.0 20.7
. L. DROID 48.2 72.7 41.0
Refiner Gemini 3.8 Flash Galaxea 515 88.6 476
Avg 42.0 73.8 36.4
HomER 18.7 58.7 14.1
L. DROID 35.2 49.3 28.7
LeRobot annotate Gemini 3.8 Flash Galaxea 489 520 409
Avg 34.3 53.3 279
HomER 12.3 56.6 9.9
L. DROID 18.1 72.7 13.2
Flora (API) Gemini 3.8 Flash Galaxea 331 870 6.1
Avg 21.2 72.1 16.4
HomER 10.7 48.1 8.8
DROID 44.8 52.7 34.0
Pegasus 1.5 Pegasus 1.5 Galaxea 28.1 49.6 27.1
Avg 279 50.1 23.3
HomER 239 64.0 17.9
DROID 56.1 55.3 325
Flora Qwen3.59B/27B Galaxea 708 748 531
Avg 50.3 64.7 345
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C. Reward Evaluation Protocol

All reward results in Section 2.2 use the same Flora-Rewarder model.

Baselines.

General-purpose baselines receive the task instruction and the frames given to Flora-Rewarder, with the same
prompts and answer formats. API models request medium reasoning where supported, and reasoning compute
is not equated across models. Results for specialized reward models are taken from their publications and keep
their original protocols. RynnValue ranks 976 trajectories rather than 567, and the Robometer row takes the
best value reported across its variants.

RoboRewardBench.

Flora-Rewarder answers in score-only mode from min(64, max(2, |[107°])) uniformly sampled frames, with
greedy decoding and thinking disabled. MAE is computed on the 1-5 scale and multiplied by 100. Baselines
allow 8,192 output tokens, and only truncated queries are retried with 16,384. Qwen3.5-397B-A17B receives
32 frames and the other baselines up to 64. Qwen3.5-27B answers with thinking disabled. Kimi K3’s MAE
covers 2,815 of the 2,831 episodes.

RobometerBench.

Policy ranking uses 567 trajectories from six OOD datasets. Kendall’s 7, is averaged over tasks within each
dataset and then equally over datasets. Flora-Rewarder ranks trajectories by ¢ (Eq. (19)), and general-purpose
models by their integer scores. VOC is the Pearson correlation between predicted progress and elapsed time on
255 ID and 105 OOD successful trajectories. For Flora-Rewarder, let ¢, = ), wi py(a; = k) be the expected
quality of step ¢ under the dense reward, with weights w;, of 0, 0.5, and 1 for failure, suboptimal, and normal.
Progress at step ¢t is then §>"__, ¢-/ >~ ¢-. General-purpose models predict integer progress scores. Progress
that grows linearly with time scores 100 on this metric.

DenseRewardBench.

The 40 episodes are excluded from dense training (Appendix G.2). Labels are compared at 1 Hz on 4,861 time
steps (3,942 normal, 619 suboptimal, and 300 failure), and all metrics pool these steps. All models label the
same 508 windows of 64 frames at 4 FPS, and predictions are stitched by Eq. (22), dropping the last 4 s of
every non-final window. Flora-Rewarder decodes greedily under its answer format with thinking disabled.
Baselines receive each window as 64 still images (32 for Qwen3.5-397B-A17B), with the same prompt and a
note on frame grouping. They answer in free text with 8,192 output tokens, and only truncated malformed
answers are retried with 16,384 and then 32,768 tokens.

RubricBench.

The 40 teleoperated episodes come from 10 tasks and share no episode or task name with the rubric training
pool. Each camera is a separate video, sampled at 1 FPS with at most 83 frames for baselines and at 2 FPS
with at most 166 frames for Flora-Rewarder. Flora-Rewarder answers in thinking mode with temperature 1.0
and up to 20,480 response tokens. It draws nine samples per episode and answers with their medoid, the
sample with the smallest summed L1 distance to the others. We report the expected error of this answer over
random draws of nine from 32 samples per episode. Baselines use one sample with the same decoding settings,
with two exceptions. GPT-6 Astra and Qwen3.5-27B were evaluated with greedy decoding and a 16,384-token
budget. The GPT-5.6 models and Claude Sonnet 5 do not apply a temperature setting. GPT-6 Astra’s parse
failure is an unserved request. On the 39 answered episodes its L1 is 3.7. Kimi K3’s parse failure exhausted the
response budget.
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D. Annotation Cost and Throughput

D.1. Evaluation cohort and accounting

Figures 3 and 8 use 50 fixed DenseCaptionBench episodes: 20 human, 15 parallel-gripper, and 15 dexterous-
hand episodes, totaling 4,483.54 seconds of source video. Quality equally averages segmentation F1@0.5,
oracle caption point quality, and joint point F1@0.5 within each embodiment, then equally averages the three
embodiments. The subset differs from the complete DenseCaptionBench evaluation in Table 3.

Quality uncertainty. Failed or unavailable contributions receive no operational credit under Appendix B.4.
Flora uses the selected RL pair and its current reference snapshot. API results retain the cost study’s original
reference snapshot. The resulting comparison is not fully reference-version matched. Figure 8 shows 95%
intervals from 10,000 paired episode-bootstrap draws within embodiment. Figure 3 shows mean estimates
only. The intervals quantify episode-sampling uncertainty, excluding generation, judge, reference, and service
uncertainty. Unresolved native contributions separately bound mean quality at 57.1-59.6%. The displayed
points and retained bootstrap intervals use operational scores with unavailable contributions assigned no credit.

Reasoning settings. Minimum, intermediate, and maximum denote requested provider settings. GPT-6 Astra,
GPT-5.6 Sol, Claude Opus 5, and Claude Sonnet 5 use low, medium, and max. Gemini 3.8 Flash and Gemini 3.1
Pro use low, medium, and high. These settings are not compute matched across providers. The left panel of
Figure 3 compares Flora with maximum-effort Astra, Claude Opus 5, and Gemini 3.8 Flash. Its dashed line
traces the empirical API-only Pareto frontier. Connecting lines are visual guides, not interpolated evaluations.
Pareto comparisons concern displayed mean estimates under the stated assumptions, not statistical dominance.

API cost. We price returned usage at public standard rates from October 4, 2026 and divide by source-video
hours. The accounting includes segmentation and predicted-interval caption generation, excluding training,
reference construction, oracle captioning, and judging. Input, cache-read, cache-write, and output usage are
counted once, with reasoning included in output tokens. All physical attempts with returned usage are included.
Of 7,062 attempts, 6,956 report usage and 106 remain unpriced. Affected costs are therefore known-usage
subtotals, not complete invoices.

D.2. Native deployment model

The Flora cost estimate uses the same model sizes as the evaluated system, a 9B segmenter and a 27B captioner.
Its reference workload of 660 windows and 890 captions comes from the earlier deployment study. It is
a workload assumption, not a measured invocation count or serving rate for the RL pair. An eight-GB300
deployment model combines peak compute, bandwidth, and a production-rate envelope, assuming data
parallelism and batch size 16. The conditional rate is S = 1.23495 episodes/s, with engineering scenarios of
0.70804-1.74862 episodes/s. The production GPU-hour denominator has not been verified.

For N episodes, g GPUs, total source duration H hours, and an assumed GPU-hour price p, the cost per

source-video hour is
pgN

3600HS" ©)
With N =50, H = 1.24543, g = 8, and p = 10 USD/GPU-hour, this gives $0.7224 per source-video hour, with
scenarios of $0.5102-1.2600. Against maximume-effort Astra ($88.4922), the cost ratio is 122.49, summarized
as approximately 125x. These ranges represent engineering scenarios, not confidence intervals. Figure 3 shows
the reference cost only. GPU pricing is assumed. Storage, billing granularity, and deployment overheads are
excluded.

CFlora =

D.3. Conditional throughput comparison

For API setting m, let A, be physical segmentation and predicted-caption requests and 7}, ;, the accounted
token demand of quota type k over the cohort. A request-per-minute limit R,,, and token-per-minute limits
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L., . give the idealized quota ceiling

m . Lm . .
Q@ = Hmin (im, krgg}ﬂ Tm::) source-video hours/min. (10)

Table 10 lists the selected quota scenarios. They are fixed comparison assumptions from the October 2026
analysis, not verified account entitlements or universal provider limits.

Table 10: Quota scenarios for throughput estimates. RPM denotes requests per minute. M denotes million tokens per
minute.

Models RPM Input/admission Output

GPT-6 Astra / GPT-5.6 Sol 15,000 40M Included in admission proxy
Claude Opus 5/ Sonnet 5 10,000 10M 2M, including reasoning

Gemini 3.8 Flash 20,000 20M No separate allowance modeled
Gemini 3.1 Pro 2,000 8M No separate allowance modeled

The OpenAl scenario uses max(32,768, prompt tokens) per attempt as an admission proxy. Actual multimodal
quota debits are unverified. Claude input demand includes uncached input and cache writes, excluding cache
reads. Gemini demand includes cached input in its input-token quota. The selected scenarios follow provider
rate-limit documentation and the comparison profiles available at analysis time.! Missing usage makes some
token demands incomplete. Attained service speed, spending limits, daily/monthly quotas, and dedicated
provisioning are not modeled. The estimates assume sufficient concurrency and stable service.

For r independent eight-GPU replicas, native throughput is modeled as

60HS

QS’I":T N

(1n
One replica gives 1.8457 source-video hours/min. We display 12 replicas (96 GPUs), yielding 22.15 hours/min
at an assumed $16.00/min. This configuration fits within the lowest quota-implied API spending rate in
the comparison ($16.08/min). API points retain their individual quota profiles and spending rates, so the
comparison is not pointwise budget matched. Linear replica scaling is assumed, with no measured 96-GPU
serving result or model for storage, decoding, networking, and interference.

1OpenAl rate limits, Claude rate limits, and Gemini rate limits.
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= GPT-6 Astra === Claude Opus 5 === Gemini 3.8 Flash
= GPT-5.6 Sol === (Claude Sonnet 5 === Gemini 3.1 Pro

60 FLORA
% 57.1% - 22.15 h/min
50

C 4

2 3 5 10 20
Estimated throughput (source-video hours/min)

Annotation quality (%)

O  Minimum effort A Intermediate effort O Maximum effort

Figure 8: Annotation quality versus conditional throughput. The 50-episode quality scores match Figure 3. API rates

follow the quota scenarios in Table 10. The Flora rate assumes 12 independent eight-GPU replicas. Vertical bars are
episode-bootstrap 95% intervals. Throughput is modeled, not measured, and the points are not budget matched.
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E. Additional Qualitative Evidence

Actions unfold over time Flower arrangement

Pick up 2.40-7.70s  Hand over 7.70-11.40s  Insert 11.40-1800's
“pick up the red flowers from the “hand over the red flowers from the “insert the red flowers into the blue
bottom left of the white surface with left hand to the right hand.” vase with the right hand.”

the left hand.”

Quality changes within an attempt Toy-car assembly

Normal Failure Normal

1
40.00 s 4287 s 48.40s 51.00s

Failure rationale “the left hand has a poor grasp on the toy car”

Figure 9: Actions and rewards over time. Three consecutive actions (top) and a localized grasp failure (bottom), from
two separate episodes.
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Episode frames and temporal segments Selected captions
Huma

@ 3.05-32.65s
hold shoe with left hand, dip brush in bowl of liquid
with right hand

© 32.65-64.25s

Predicted segments (7) Time (s) hold shoe with left hand, scrub shoe sole with brush
in right hand

0.00 110.03

Parallel grippers Fruit transfer
© 1.60-6.20s

Pick up the orange from the yellow bowl with the
left hand.

© 6.20-8.40s
Put the orange on the pink plate with the left hand.

@ 11.45-13.70s
Put the apple into the yellow bowl with the
right hand.

Predicted segments (6) ) Tie (s)

0.00 . 18.17

Dexterous hands Tool handover and film cutting
@ 0.00-32.00s
Pick up the scissors from the table with the left hand.

@ 32.00-56.00 s
Pass the scissors from the left hand to the
right hand.

@ 65.50-78.73 s
Snip the cellophane with the scissors in the
right hand while holding the sheet steady with the

Predicted segments (4) . 3 left hand.
0.00 39.37 78.73
Episode frames and rewards Selected rationales

Dense reward Toy car assembly
e .

@ 93.00-102.00 s - Suboptimal
the toy power driller is colliding with the gray toy
screw in the beginning

© 110.00-120.00 s - Failure
the right hand has a poor grasp on the toy car body

11450 s
Predicted action quality Normal M Suboptimal M Failure

66.00 93.00 120.00

Outcome reward Carrot placement and towel folding
- .

U w v

Outcomescore3 /5 eoe@0@000
The robot picked up the carrot and placed it on the
towel, but it did not fold the towel.

Figure 10: Example episode outputs across embodiments. Timestamped intended-action captions appear above dense
execution-quality and outcome labels. Robot mosaics retain synchronized scene and wrist views. Selected captions and
rationales illustrate the structured records generated by the engine.

We qualitatively compare Flora to GPT-6 Astra on captioning and reward labeling. For annotation, we use
paired episode diagnostics and a reference-informed sampled review of 12 oracle windows. Figure 11 shows
two temporal examples and four caption examples using fixed references and fixed-protocol judgments.
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Temporal segmentation

(a) Dense event recall Human
Ref. (37) L i

Flora ( 4 5) IlllllIlllllléllll-l_.lI-IIIIII-IHIIIIIII 82.9
Astra (7)

(N N 182

0 30 60 90 s

Flora: Dense recall Astra: Missed short events

m Flora match m Astra match

Oracle captioning
(c) Wire insertion

Human

2

’:‘3!__ 3
93.50 s

(d) Reaching for a coil

106.53 s 106.80 s

(e) Battery adjustment

0.13s
(f) Dish wiping

1253 s

1853 s

32.60s 4533 s

Figure 11: Qualitative comparison with GPT-6 Astra. Flora captures better dense actions (a) and local manipulation

Episode F1@0.5 (%)

m Unmatched prediction

(b) Reference granularity YAM
Ref. (2) I
Flora (17) Lo T T L W IR TS
Astra (2) I 1000
0 15 30 45 s
Flora: Over-segmentation Astra: Boundaries aligned
Full model captions Quality (%)
Flora Action + hand roles 98.7

hold connector with left hand, hold wires and insert wire
into connector with right hand

GPT-6 Astra  Object mismatch 1.9
Hold the small white flower piece steady and work the tip
of the yellow handheld tool against its base, turning the
piece slightly between your fingers.

Flora Action phase error 2.9
place the gray object on the top left side of the brown
table with the left hand

GPT-6 Astra Reach preserved

Reach with your left hand for the coiled wire at the

back-left of the workbench.

74.0

Flora Local operation 84.3

press the battery into the remote with the right hand

GPT-6 Astra  Action substitution 0.0
Pick up the black remote control from the table with your
right hand.

Flora Object + action mismatch 11.4
Fold the right napkin over the left napkin with the right
hand, then press the folded napkins flat on the table.
GPT-6 Astra  Wiping preserved 97.5

Wipe the white plate with the cloth using your right hand
while steadying the plate with your left hand.

details (c,e), but can over-segment coarse events (b) and confuse action phases or objects (d,f). Parentheses denote

segment counts. Temporal and caption scores are F1@0.5 and point quality on reference intervals, respectively. Robot

insets show right-wrist views.

Temporal coverage and granularity. Panel (a) illustrates the advantage on dense actions: Flora matches
nearly all reference intervals, whereas Astra matches only a few. The additional segments can also fragment
coarse reference events: in panel (b), Flora splits two references into many short segments and matches only
one, while Astra matches both. On mutually observed dexterous-hand episodes, recall is similar, but Flora is

less precise. The aggregate parallel-gripper ordering reverses on mutually observed episodes.

Local operations and object identity. Flora preserves wire insertion in panel (c), where Astra misidentifies
a connector as a flower piece, and battery adjustment in panel (e), where Astra substitutes remote pickup.
Conversely, Flora substitutes placement for reaching in panel (d) and napkin folding for dish wiping in panel (f).
On jointly judged human windows, Flora covers coordination requirements far more often than Astra (58.3%
versus 21.2%), while action coverage is similar. Different input pipelines and reference types limit causal

attribution.
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Dense reward Normal (3) B Suboptimal (2) M Failure (1) {7} Window in (c, d) Accuracy (%)
(a) Toy airplane assembly 50-100's (b) Toy car assembly 15-65 s
Ref. Ref.
Flora 94.0 Flora 96.0
Astra 78.0 Astra [ ] 1 74.0
5‘0 éO 7b 8‘0 9‘0 1 60 s Zb 3‘0 4‘0 56 éO s
Flora: Failure detected Astra: No failure predicted Flora: Failure localized Astra: No failure predicted
Dense reward windows Complete rationales Accuracy (%)
(c) Wing falls during placement 78-94 s Flora Fall labeled failure 96.9

78.0-86.5s the left hand fails to place the red component onto

the toy airplane as the red component falls into the white
surface
GPT-6 Astra Fall labeled suboptimal 375

830s 850s 8755 83.0-86.0s The wing remains unseated as contact shifts the
fet v v v plane; releasing it lets it fall onto the table.
Flora 86.5-88.0s Both grippers pause with the detached wing on the
Astra I . table, making no visible assembly progress.
(d) Car slips from the grasp 38-54s Flora Missed grasp labeled failure 96.9

38.0-43.0s the gray toy wheel ring is not aligned with the black

. toy wheel
43.0-48.5s failed to pick up the red and yellow toy car
" » GPT-6 Astra Missed grasp labeled suboptimal 46.9

435s 465s 495s 40.5-43.0s The gripper lingers around the seated wheel
Ref IEEEEEEENN component with almost no visible progress before withdrawing.
Flora I 46.0-48.5s Repeated gripper contacts rock and shift the
Astra I — chassis without securing a grasp, followed by withdrawal.
Outcome reward Task and complete rationale Score (1-5)
(e) Bottle toppled, not knocked off Ref. 3 Task: Knock the blue plastic bottle off the table.

Flora Partial progress credited 3
The robot contacted and toppled the blue plastic bottle, but the
bottle remained on the table instead of being knocked off.

GPT-6 Astra Progress missed  Score-only answer 1

Task: Fold the cloth.

Flora Success recognized 5
The robot grasped and manipulated the cloth, producing a clear
fold with a triangular or corner fold visible in the final state.

GPT-6 Astra Success under-scored  Score-only answer 3

Figure 12: Flora-Rewarder flags failures and credits progress that GPT-6 Astra misjudges. Selected examples.

(a—d) DenseRewardBench: Astra calls a falling wing and a missed grasp suboptimal, although its own rationales describe
both. (e,f) RoboRewardBench: Astra scores a partial and a full success too low. (a,b) 50 s excerpts with per-second labels.
(c,d) the dashed 16 s windows. Right-hand numbers give agreement with the reference (%).

Failure severity. Astra understates severity, even when its own rationale describes a failure. In panel (¢), it
states that the wing falls onto the table but labels the drop suboptimal, and in panel (d), it labels gripper
contacts “without securing a grasp” as suboptimal. Flora-Rewarder labels both events as failures. Over the
longer excerpts in panels (a) and (b), its labels follow the reference segments. Higher failure recall has a cost:
Flora-Rewarder also labels about 11% of normal steps as failures.

Partial outcomes. Flora-Rewarder’s advantage comes from partially completed tasks. On complete failures and
successes, Astra is at least as accurate. In panels (e) and (f), Astra gives the lowest score to a bottle that was
toppled but not knocked off the table, and scores a completed fold 3 instead of 5. Flora-Rewarder’s rationales
name the progress behind each score.
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F. Timestamped Captioning: Implementation and Training

F.1. Temporal reconstruction and visual context

The segmenter uses overlapping windows with a central emission core and context guards (Section 4.1).
Window-local timestamps are projected into the episode clock. Stitching associates compatible observations
using temporal overlap and continuation flags, while preserving independent concurrent actions. Guard-only
fragments do not create an event for that window. A bounded set of shifted windows refines unresolved
boundaries. Unobserved endpoints retain the observed extent without inventing a transition.

Window-local predictions. For sampled frames Xy, and a window prompt ¢, the segmenter predicts local
intervals and continuation flags ¢, ry;:

Fr = fo(Xwy, k) = {(urjs vijs Crjs Trj) e 12)

The projection ®;, converts local timestamps to episode time. Stitching S joins compatible fragments while
preserving concurrent actions:

I={L}, =S{(Wk, ®r(Fi)) i) - (13)

Caption context. After stitching, the nearest non-overlapping events provide context for a target interval
I; = [si,€):

J; € argmaxey, ji € argmins;. 14)

jrej<s; jisj>e;

The corresponding visual blocks in Eq. (2) are X, = X I X; = Xy,,and X :r =X Iy Ties favor the shorter
neighboring interval. Unavailable neighbors are omitted. Each block has its own frame budget and retains
source timestamps. These adjacent-event blocks are used for training and production captioning. Evaluation on
DenseCaptionBench instead restricts context to at most 2 seconds on either side of the target, as specified in
Appendix B.2.

Multiple views. At each sampled source time, the main camera occupies the upper panel of a mosaic, with the
left and right wrist cameras below. This arrangement is fixed across time and across the before, target, and
after blocks. The prompt identifies the camera roles and requests one account of the intended action across
views. Single-view inputs preserve the same temporal block structure.

F.2. Supervised fine-tuning

We initialize the segmenter fy and captioner g, from Qwen3.5-9B and Qwen3.5-27B [23], respectively. Su-
pervision comprises timestamped action annotations from heterogeneous human and robot manipulation
recordings. Segmentation targets serialize local intervals and continuation flags. Captioning targets pair an
action instruction with its annotated interval and visual context. Both models minimize cross-entropy on output

tokens only:
lyl

> logpy(ye | @, y<1)

(zy)eB t=1

>yl

(z,y)EB

Ly(B) = , nefb o v} (15)

Here z contains the visual evidence and task prompt, and y is the segmentation output or action instruction.
The segmenter updates rank-32 LoRA adapters with scaling o = 64 in the language model’s attention and
MLP projections. The captioner updates the language model and visual merger, while freezing the visual patch
embedding and transformer blocks. SFT uses AdamW with gradient clipping. Training uses sharding and
activation checkpointing for the captioner.
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F.3. Temporal segmentation reinforcement learning

We optimize the segmenter with GRPO [25] using a verifiable reward. Predictions and references are clipped
to the emission core, and guard-only fragments are discarded. Maximum-cardinality one-to-one matching at
temporal-IoU threshold 7 defines F1 F. and precision P,. The reward is

Tseg = 0.45Fp 5 + 0.15F) 75 + 0.25F 5 + 0.155. (16)

For each matched pair at tloU 0.5, let d be the sum of absolute endpoint errors, augmented by 0.5 seconds for
each incorrect continuation flag. The boundary term B averages max(0, 1 — d/(1s)) over these pairs. Matching
first maximizes cardinality, then minimizes total clamped error. If no pair matches, B = 0, except when both
sets are empty, for which B = 1. Both-empty sets receive reward one. Invalid or truncated outputs receive zero.

Rollout advantages subtract the group mean without standard-deviation normalization. Only LoRA adapters
are updated, with KL regularization to the fixed SFT policy.

Checkpoint selection. A separate validation set determines the reported checkpoint. Selection maximizes
a prespecified weighted F1@0.5, subject to at most a two-percentage-point drop in each guarded validation
group. Benchmark results are not used for selection.

F.4. Captioner reinforcement learning

The captioner uses a reference-grounded reward based on intended action, object identity, manipulator
coordination, and relevant detail. Source video and reference requirements define supported mass R, covered

mass M, and factual-error penalty F":
2M

T T Ry M4 F
The group weights and phase gates follow the point-quality formulation in Appendix B.3. Reference instruction
text is never part of the captioner’s generation input.

(17)

Rewards are centered within each rollout group without standard-deviation normalization. The language model
is updated while the visual encoder and merger remain frozen. Reference instructions remain unavailable to
the generation input.

Checkpoint selection. Validation equally weights the three embodiments and precedes benchmark evaluation.
We maximize mean quality among checkpoints without per-track regression. If none qualifies, we maximize
the worst-track change. The segmenter and captioner are selected independently.
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F.5. Pipeline schematics

1 Episode X 2 Temporal segmentation 3 Generate instructions
Sliding windows Fragment stitching
Human or robot t Same event, two windows before target after
OB — - . +
Wi @ D, X; X; X;
g ) > - - T T T
Wit1 k41 Wit <1 M
—— Context O Core S g¢(7 qCaP) — C
0 T

fo(Xwyqr) — F ForeachI; € T

\

Chevrons: continuation

Timestamped action instructions A(X) lllustrative episode: T' = 12.75s
Os 3s 6s 9s 12.75s
Event intervals Z | I | I3 Iy
Concurrent event
EventI; [si,e;) (s) Selected instructions c;
— [3.65,8.40) Carry the white cup toward the blue tray’s rear-right corner with the right hand while
2 B holding the tray’s near edge with the left hand.
m L [4.80, 6.55) Slide the blue tray left by its near edge with the left hand to align its rear-right corner

beneath the cup held in the right hand.

Figure 13: Windowed localization and contextual captioning. Overlapping windows emit fragments from their central
regions. Timestamp projection and stitching reconstruct episode intervals, which are captioned independently with before,
target, and after visual evidence.

1 Assemble one observation 2 Sample each temporal block
Views at time ¢ before X target X; after X;°
One mosaic at ¢
Main
[ [ [ [ [ [ [ [ [
. earlier later earlier later earlier later
Main T
Left wrist - *
Left Right 96(X7, Xi, X7, qeap) — ¢
. . wrist wrist
Right wrist

One instruction for the intended action

Fixed camera layout. All panels

show the same physical moment. Separate frame budgets. Unavailable context omitted.

Figure 14: Synchronized views and temporal context. Each mosaic aligns cameras at a source time. Mosaics retain their
temporal order within the before, target, and after blocks.
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G. Reward Modeling Implementation and Training

This appendix details the inputs, data, prompts, and training of Flora-Rewarder (Section 4.2). Benchmark
protocols and results appear in Section 2.2.

Reward interfaces. With a task instruction ¢, the outcome and dense interfaces return
R(X) = ({at}t, s), a; € {1,2,3}, se{l,...,5}, (18)

Here a; is execution quality for a 0.5-second group, and s is the episode outcome. Score-token probabilities
define the continuous outcome reward:

5
pk:pw(s:k|X7€7qOUt)v E[S]:kakv gzie [0’1] (19)
k=1

For each dense window, the output contains its worst label, ordered quality sequence, and rationales for
non-normal spans:

Ty (Xwi, £, Qdense) = (wk7 (a1, 0K,32), {(ukjavkjackj)}j)a Wy = mgin g, (20)

Given a rubric p, grading is constrained to allowed values and compared with human grades by L1 error:

}A’:Tw(X»gaPaQrub)GW X"‘XVna RP(X):ZQJ’ l(yaY):Z@jfij (21)
j=1 j=1

G.1. Video Input

Multi-view mosaics. Outcome and dense prompts receive one video in which each sampled time is a single
mosaic of up to four synchronized views. The layoutis 1 x 1,1 x 2, 1 x 3, or 2 x 2 for one to four views. Camera
roles determine the placement. A 1 x 3 mosaic orders the left, center, and right views. A 2 x 2 mosaic places
the scene (top or front) view at the upper left, a second scene or wrist view at the upper right, and the fixed
left and right cameras in the lower row. When more than four views exist, scene and fixed side cameras take
precedence over wrist views, and downscaled duplicates of a stream are dropped. Each view is resized into its
cell without cropping or padding. Cell sides are multiples of 32 pixels and target about 10° pixels per view,
and the row height is chosen to minimize aspect-ratio distortion. Mosaics carry no gutters, borders, or text. A
64-frame clip is capped at 14,336 visual tokens. The bimanual recordings used for dense rewards produce a
1152 x 288 mosaic for three views (left, top, right) and a 768 x 576 mosaic for four views (top, bottom, left,
right), each with 384 x 288 cells. A 64-frame clip of the latter occupies 13,824 visual tokens.

Timestamps. For outcome and dense prompts, we pass the source frame indices and frame rate of every
sampled frame to the model’s video processor instead of resampling inside it. The timestamp tokens of Qwen3.5
therefore refer to absolute episode seconds in both training and inference, for every source frame rate.

Rubric inputs. Rubric prompts instead receive each camera as a separate video, labeled Video 1, Video 2,
and so on in the text. Frames are sampled at 1 FPS, uniformly subsampled to at most 82 frames per camera,
and resized to between 65,536 and 131,072 pixels each.

G.2. Dense Reward

Annotation protocol. Annotators fill one table per episode. Each row names an action, gives its start and end
times in seconds, and assigns an outcome of success, normal, suboptimal, or failure. Success and normal both
map to the normal label. A free-text description of the visible issue is required for suboptimal and failure actions.
We convert the table to frame labels on the native 30 FPS clock. Every frame starts as normal, each action
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assigns its label to its frames, and overlapping actions resolve to the more severe label (failure > suboptimal >
normal). The result is stored as contiguous run-length segments with a label and issue text. A new segment
begins whenever either changes. Normal segments carry no text.

Supervision. Dense labels come from human-annotated bimanual robot episodes with synchronized cameras.
Training covers normal execution, recoverable inefficiencies, and failures. Episodes used for evaluation are
excluded from training and validation.

Window geometry. A window is defined by an anchor time «y,. Its 64 positions sample the source video at
ar+ (i —9)/4sfori=1,...,64, so the window spans [oy, — 2, o, + 14) s. Positions outside the episode repeat
the nearest frame. Group g contains positions 2g — 1 and 2g and is valid if either of its frames lies inside the
episode. Inference anchors are oy, = 10k s while «y, is below apyax = t1ast — 9.75 s, followed by a final window
at auyax, Where t),4; is the time of the last frame. The last frame of the episode thus falls at position 48, the end
of group 24, and the final window’s last 4 s repeat it. Every window has the same geometry and output length.
Each group takes the more severe label of its two frames. Padded groups are supervised with the label of the
boundary frame.

Training examples. Windows are sampled to cover all three quality categories and temporal transitions. The
split is made at the episode level. Non-normal labels include short evidence-grounded rationales from the
human annotations.

Task conditioning. Every dense prompt conditions on the episode’s global task instruction, never on the
sub-task annotations. Words that reveal the outcome, such as failure, success, retry, and recovery, are removed.
Placeholders and opaque assembly codes make an episode ineligible. Task descriptions are normalized to
identify the requested operation without revealing its outcome.

Prompt and answer. The system prompt defines the score scale and the answer grammar:

Dense reward: system prompt

You are a dense action-quality reward model for robot manipulation.
You watch a synchronized multiview clip and predict action quality at the finest temporal resolution visible to the model.

The clip contains exactly 64 sampled frames at 4 FPS. The vision encoder combines each consecutive pair of frames into one
temporal group, so you must predict exactly 32 ordered groups. Group 1 contains frames 1-2, group 2 contains frames 3-4,
and group 32 contains frames 63-64.

The clip is retrospective: a later recovery must not improve an earlier group and a later unrelated mistake must not
degrade it.

Use exactly this score scale:

1 = failure: the action causes or clearly constitutes a major task failure, unsafe event, destructive mistake, or loss of
task viability.

2 = suboptimal: the action is noticeably hesitant, inefficient, imprecise, or locally incorrect, but the task remains
recoverable.

3 = normal: the action is appropriate, safe, and reasonably efficient for the visible situation.

Return the worst score before the temporal sequence. Worst must equal the minimum of all 32 quality digits. Quality must
contain exactly 32 characters from 1, 2, or 3 with no spaces; character i is the score for group i.

For every contiguous group range scored 1 or 2, add one short rationale grounded only in visible evidence. Groups scored 3
get no rationale. Rationale ranges must exactly match the contiguous non-normal runs in Quality.

Return exactly:

Worst: <1, 2, or 3>

Quality:

<32 digits with no spaces>

Rationales:

<first group>-<last group> <short visible-evidence rationale>

<one line per contiguous group range scored 1 or 2, in time order>

The user prompt states the task and the clip’s absolute time span. A training example and its target are shown
below:

33



FLORA: An Open Model Suite for Scaling Robotics Data Engines

Dense reward: user prompt and target

Task: assemble the duplofish

Synchronized multiview clip:
<video>

The clip contains 64 sampled frame positions at 4 FPS (16 seconds nominal span) and 32 visible temporal groups of 2 frames
each. The sampled positions run from t=353.000 to t=368.733 seconds of the episode. Episode boundaries repeat the nearest
available frame.

Predict Worst, all 32 group scores, and rationales for non-normal runs.

Worst: 1

Quality:

11111111111133333322222222222233

Rationales:

1-12 fail to place red lego block on the left edge of the lego toy vehicle due to misalignment
19-30 the lego toy vehicle slides while grasping

An all-normal window has the target Worst: 3, a string of 32 threes, and an empty Rationales: section.

Inference and stitching. Decoding is greedy and constrained by a regular expression for the answer grammar,
with at most 640 new tokens. A parsed answer whose Worst value disagrees with its Quality string is rejected,
and an unparseable answer is replaced by an all-normal window and flagged. Each non-final window retains
groups 1-24 and discards groups 25-32. The final window retains all valid groups. Let C be the retained valid
groups (k, g), each contributing the source times 7, , of its two frames. A frame at time ¢ takes the label

ay = A= g+, (k*, ¢g*) = lexmin ( min |t — 7|, —min(g — 1, 32 — g), k, g), (22)
(k,g)€C \TETK 4

that is, the nearest retained group, then the group farthest from its window’s edges, then the earlier window.

Consecutive frames with equal labels form segments, and each non-normal segment reports its most frequent

rationale. Tail trimming keeps at least 4 s of later video for every retained group except near the episode end.

The reward is retrospective and intended for offline labeling, analysis, and data filtering.

G.3. Outcome Reward

Supervision. Outcome supervision combines public, licensed, and internally collected robot recordings. Native
five-point labels are retained. Binary success and failure map to 5 and 1. Partial-success values p € [0, 1] are
mapped to s = 1 + round(4p). Failure categories are mapped only when their outcomes are unambiguous.
Training pairs scores with short evidence-grounded rationales when such explanations are available.

Frame sampling. For an episode with N frames at frame rate f, we sample m = min(64, max(2, [10N/f]))
frames, rounded down to an even number, at indices round(i(N —1)/(m — 1)) fori = 0,...,m — 1, so the first
and last frames are always included.

Prompts. The two system prompts differ only in their last lines:

Outcome reward: system prompt

You are a terminal-success reward model for robot trajectories.

Given the task instruction and the complete trajectory video, predict a score from 1 to 5.
A complete failure is 1. A complete success is 5.

Judge only what is visible in the trajectory and follow the requested output format exactly.
[with rationale]

Provide one short, compact rationale followed by the score. Return exactly:

Rationale: <rationale>

Score: <1-5>
[score only]
Do not provide a rationale. Return exactly:
Score: <1-5>
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Outcome reward: user prompt and target (rationale mode)

Task: Slide the pink block a short distance toward the robot on the pegboard.

Complete trajectory video:
<video>

Evaluate the terminal success of the task.

Rationale: The robot contacted the pink block and nudged it slightly toward the robot base, but the displacement was small
and insufficient to complete the requested movement.

Score: 2

Score distribution. Decoding is greedy and constrained to the answer format, with at most 12 new tokens in
score-only mode and 160 with a rationale. At the generated score token, we take the 20 most likely alternatives,
keep those that decode to a digit from 1 to 5, and renormalize their probabilities to obtain p; in Eq. (19).
RoboRewardBench uses the decoded score directly. Trajectory ranking uses E[s].

G.4. Rubric-Derived Reward

Rubric format. A rubric lists task steps in order. Each step has an action description, a maximum score, and
two to five labeled score levels. Human grades always take one of these levels, and the maxima sum to one.
Table 11 shows an example. Rubrics for internal policy-evaluation episodes contain 2-10 steps, and rubrics for
external episodes 1-4 steps.

Supervision. Rubrics describe task steps and allowed levels of partial completion. Human grades define the
target scores. Training examples pair each video and rubric with a reasoning and answer sequence. The
RubricBench evaluation episodes and task names are held out from this pool.

Prompt. The system prompt is a generic assistant prompt. The user turn lists the videos, followed by the
template below for internal policy-evaluation episodes. For external sources, the first paragraph describes the
cameras actually present.

Rubric reward: user prompt template (internal policy evaluation)

Video 1: <video>Video 2: <video>Video 3: <video>
You are an expert evaluator of robot manipulation. You are shown three time-synchronized videos of a bimanual robot
performing one task: Video 1 is a top (scene) camera, Video 2 a left-wrist camera, and Video 3 a right-wrist camera.

Score how well the robot performed, using the rubric below. The rubric lists the task’s steps; each step has its own
maximum number of points and an explicit list of the point values you may award for it. For every step, award exactly one
of the values listed for that step -- not a value in between.

Task: {task name}

Instruction to the robot: "{instruction}"

Scoring rubric -- award one of the listed values for each step:
{i}. {action} (max {maximum})
award one of: {level} = {points} |

Respond with your scores as a JSON array of numbers -- one score per step, in the exact order listed above (a length-{n}
array). Each number must be one of the values allowed for that step. Output the array on a single line prefixed with °’
ANSWER:’ and nothing after it, e.g.

ANSWER: {list of the step maxima}

The answer is parsed from the last ANSWER: line, and each value is clipped to [0, max;].

G.5. Co-Training

Shared supervised adaptation. The released reward model uses SFT only. Outcome, dense, and rubric
examples are shuffled together without task-family reweighting. Rubric answers include reasoning, while
outcome and dense answers use direct structured outputs. A shared Qwen3.5-27B model updates the language
model, visual merger, and visual encoder, using a lower learning rate for the visual encoder. Training minimizes
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output-token cross-entropy (Eq. (15)). The input budget accommodates the longer rubric answers.

G.6. Interface Examples

1 Episode X 2 Sparse reward 68
Task £ Place the cup N Did the task succeed? 1 (X £, dout) 6 |
upright on the tray. Whole episode X ———————— > Score: 5 P(s) r

<64f f inti one call per episode
< 64 frames, uniform in time E[s] = 4.6 T 2 3 2 5
Main
Left Right 3 Dense reward Wy = [8,24)s:32 groups of 0.5s
wrist wrist Flora- How good is each action? Worst: 1
: ) Rewarder 9 Tt Quality:
One mosaic per time step . T U P (Xwy s €, ddense) 33222222333333333333331111113333
LWs 1| . Rationales:
o ,.L| $ one model one call per 16's window 3-8 Re-grasps the cup handle twice
three prompts O Kept Dropped 4s tail i Padding 23728 The cup slips and tips over
3s 10s
= = 4 Rubric reward
14s 18s How does it score on a custom rubric?
& h L Rubric p: step scores <think> Step 1: two re-grasps. —
X, 0
el L 1 Grasp thecup O,.1,.2 7y (X, £, p; drub) Step 2: cup slips onto the tray.
2 Carrytotray 0,.15,.3 : Step 3: ends upright. </think>
21s 275 3 Setitupright 0,25, 5  CNeVideopercamera k. 0.1, 0.15, 0.5]
Episode reward R (X) lllustrative episode: T' = 28's
Os 5s 10s 15s 20s 25s 28s
Quality a; | 3 | 2 I 3 I 1 I 3 I O 3 normal
re-grasps the handle cup slips [ 2 suboptimal
. N O 1 failure
Outcome s The cup ends upright on the tray. O 1-5 outcome
Rubric R, grasp 0.1 +carry 0.15 + upright 0.5 = O 0-1 rubric

Dense labels localize the re-grasp and the slip; the outcome confirms success; the rubric deducts for both.

Figure 15: Three interfaces, one reward model. Outcome prompts score episode completion, dense prompts label

temporal groups with rationales, and rubric prompts assign discrete credit to user-defined task steps.

Step Score Criterion

0.0

Did not grasp the apple

1. Firmly grasp apple 0.2 Touched but did not grab the apple
0.4  Firmly grasped the apple
0.0 Did not pick up the knife

2. Pick up knife 0.15 Grasped the knife but dropped it
0.3  Picked up the knife with a secure grip
0.0 Did not cut the apple

3. Cut apple in half 0.15 Partially cut the apple
0.3  Cut the apple fully in half

Maximum total 1.0

Table 11: Sample scoring rubric for an apple-cutting task.

36



FLORA: An Open Model Suite for Scaling Robotics Data Engines

H. Related Work

Captioning for robotics. Commercial services such as Scale AI's Physical Al Data Engine [37] provide
data collection and model-assisted annotation for robotics. Open-source alternatives have recently emerged.
Macrodata Labs’ Refiner [18] provides subtask segmentation and reward scoring along with the WGO-Bench
benchmark [38]. LeRobot [19, 39] uses an off-the-shelf VLM to write subtasks, plans, and VQA pairs into
datasets, and uses pretrained reward models such as Robometer [22] to label per-frame progress. Their
captioning pipelines compose existing VLMs with task-specific prompts and processing. General video-language
models such as Pegasus [40] support video understanding and summarization, while DIAL and ECoT generate
language supervision for robot policy learning [6, 41].

Open-weight VLMs as annotators. Open-weight VLMs provide backbones for locally deployed annotators.
General-purpose candidates include Gemma [42, 43], Qwen3-VL [44], InternVL3.5 [45], GLM-4.5V [46], and
Kimi [47, 48]. CapRL [49, 50] shows that captioners can be optimized with RL for downstream utility. Flora
builds on these advances but targets a narrower goal: annotations of robot and human data that are accurate,
consistent, and cheap enough to cover large pretraining corpora.

Reward models for robotics. Robot reward modeling has progressed from visual representations [51, 52]
and zero-shot VLM similarity [53, 54], to in-context progress estimation [55], and most recently to fine-
tuned reward models. RoboReward [21] synthesizes failures to train episode-level rewards, Robometer [22]
combines frame-level progress with trajectory preferences, and Robo-Dopamine [33] targets process rewards
for high-precision manipulation.

37



	Overview
	Capabilities and Results
	Timestamped Action Captions
	Reward Labeling
	Annotation Efficiency

	Qualitative Examples
	Methods
	Timestamped Captions
	Reward Labels
	Training

	Conclusion
	Complete Benchmark Results
	Timestamped captions: WGO-Bench
	Timestamped captions: DenseCaptionBench
	Public reward benchmarks
	Dense and rubric rewards

	Timestamped Captioning: Evaluation Details
	DenseCaptionBench construction
	Inputs and inference settings
	DenseCaptionBench scoring and aggregation
	Output validity and incomplete measurements
	WGO-Bench protocol
	Supplementary pipeline comparisons

	Reward Evaluation Protocol
	Annotation Cost and Throughput
	Evaluation cohort and accounting
	Native deployment model
	Conditional throughput comparison

	Additional Qualitative Evidence
	Timestamped Captioning: Implementation and Training
	Temporal reconstruction and visual context
	Supervised fine-tuning
	Temporal segmentation reinforcement learning
	Captioner reinforcement learning
	Pipeline schematics

	Reward Modeling Implementation and Training
	Video Input
	Dense Reward
	Outcome Reward
	Rubric-Derived Reward
	Co-Training
	Interface Examples

	Related Work

