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Abstract

Long-horizon robotic manipulation requires dense feedback that reflects how a task
advances through its procedural stages, not merely whether the final outcome is
successful. Existing reward models often rely on trajectory-level success labels or
time-based interpolation, which can conflate elapsed time with true task progress
and therefore fail to capture unfinished steps, stagnation, and failure states. We
present ProcVLM, a progress-aware vision-language model that learns procedure-
grounded progress as a dense reward signal for manipulation. Rather than deriving
progress from terminal outcomes or temporal proxies, ProcVLM grounds progress
estimation in procedural structure and intra-stage visual change, and further adopts
a reasoning-before-estimation paradigm that infers the remaining atomic actions
before estimating task progress. Specifically, we construct this supervision by
synthesizing frame-level subtask-semantic annotations, assigning progress budgets
according to subtask structure, and distributing each budget based on intra-subtask
visual change. To train ProcVLM at scale, we build a standardized procedural
supervision synthesis pipeline and construct ProcCorpus-60M from 30 embodied
datasets with 60M annotated frames, from which we derive ProcVQA for procedure-
aware pretraining, with progress estimation as the central task alongside action
segmentation and future planning. Experiments on ProcVQA and reward-model
benchmarks show that ProcVLM improves embodied procedural reasoning and
yields more discriminative trajectory-internal progress estimates than representative
baselines, supporting its use as a dense reward model for downstream reward-
guided policy optimization.

1 Introduction

Recent vision-language-action (VLA) models have substantially improved policy generalization from
large-scale robot demonstration [6H8, [18) |19} 132} 35| 145-49, 165]. However, demonstration-centric
pretraining is constrained by the cost of collecting diverse robot data and the difficulty of adapting
pretrained policies to new tasks, environments, and failure modes. This has motivated reward-guided
policy improvement paradigms, where VLA policies improve beyond offline demonstrations through
autonomous experience, expert corrections, learned reward feedback, or self-improvement signals
[2, 17,163, [70]. Such paradigms require reward models that provide dense, task-conditioned feedback
on task progress, remaining steps, stagnation, and failure.

A central challenge is that existing robot datasets rarely provide dense supervision for procedural
progress. Most large-scale corpora contain task instructions, observations, actions, and sometimes
trajectory-level success labels, but lack explicit annotations of procedural structure, such as subtask
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boundaries and remaining actions [31},47,/59]. As a result, robotic reward or progress models often
resort to indirect supervision from sparse outcomes, time-based interpolation, temporal-difference
learning, or comparison- and preference-based signals [22} 134,137, 58l 70, [73]]. However, time is not
progress in long-horizon manipulation. These tasks unfold through multiple semantic stages with
uneven progress rates: a policy may spend many steps retrying a grasp, remain stuck in a local stage,
or recover from an earlier failure. In such cases, a later frame is not necessarily closer to successful
completion, and the same robot action can correspond to different progress changes depending on the
current subtask. Therefore, transferable dense rewards should be grounded in procedural structure
rather than treated as a simple function of timestep.

Motivated by this observation, we introduce ProcVLM, a progress-aware embodied VLM that pre-
dicts dense progress rewards grounded in task procedures. ProcVLM grounds progress in procedural
structure rather than timestep: a valid progress label should (i) respect subtask semantics, including
boundaries, completed steps, and remaining actions, and (ii) capture within-stage advancement
through intra-subtask perceptual change. On top of this supervision, ProcVLM follows a reasoning-
before-estimation paradigm—it first infers the current execution stage and remaining atomic actions,
and then predicts a continuous progress score conditioned on explicit procedural reasoning. This
coupling makes reward prediction more sensitive to stage transitions, unfinished steps, stagnation,
and failure states.

To train ProcVLM at scale, we develop a highly efficient and scalable procedural supervision synthesis
pipeline for embodied trajectory annotation. The pipeline decomposes raw manipulation trajectories
into procedural subtasks and annotates frame-level cues such as state reasoning, completion status,
and remaining actions. Using this pipeline, we construct ProcCorpus-60M from 30 embodied
manipulation datasets, covering 400K trajectories and 60M annotated frames. We further convert
these annotations into ProcVQA, a 20B-token VLM training corpus centered on task progress
estimation and complemented by action segmentation and future planning as auxiliary process-
reasoning tasks. ProcVLM is trained in two stages: large-scale procedure-aware pretraining on
ProcVQA to learn general procedural representations, followed by refinement on a curated subset
to sharpen subtask alignment and progress estimation. Empirically, ProcVLM improves procedural
understanding on ProcVQA, produces more discriminative trajectory-internal progress estimates
than representative reward-model baselines, and supports sample-efficient one-shot adaptation on
RoboFAC [66]]. Moreover, ProcVLM-guided reward fine-tuning stabilizes VLA policy optimization
on noisy real-robot demonstrations, yielding higher early-stage success rates than supervised fine-
tuning in our experiments. Our contributions are:

* We introduce ProcVLM, a progress-aware embodied VLM that predicts dense procedure-grounded
progress rewards through reasoning-before-estimation, linking continuous progress estimation to
subtask semantics, remaining actions, and within-stage advancement.

* We develop a scalable procedural supervision synthesis pipeline for converting raw manipulation
trajectories into frame-level subtask-structured annotations. It yields ProcCorpus-60M, ProcVQA,
and a two-stage ProcVLM training pipeline with large-scale pretraining followed by curated
refinement.

* We systematically evaluate ProcVLM across procedure-aware understanding, reward modeling,
cross-task adaptation, and downstream policy optimization. The results show that procedure-
grounded progress estimation enables transferable reward modeling and supports stable policy
improvement.

2 Related Work

Embodied VLMs for Procedural Reasoning. A parallel line of work studies how VLMs can support
procedural understanding in robotics beyond direct action prediction. Early language-grounded
robotics systems leverage large foundation models for high-level planning, affordance grounding,
program synthesis, and spatial-constraint reasoning [} 23| 24} 38} I56]]. Models such as PaLM-E,
VIMA, and Gato further extend this idea by integrating language, vision, and embodied observations
into general-purpose architectures for planning and interactive decision making [14}129,|50]. Robotics-
oriented VQA, progress-reasoning, and embodied reasoning datasets further push this direction toward
grounded long-horizon understanding, with RoboVQA introducing large-scale robotics-focused
video-text supervision, RoboBrain unifying planning, affordance perception, and trajectory prediction
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Figure 1: Overview of ProcVLM. We first synthesize frame-wise procedural annotations from robot
trajectories using a large VLM annotator, forming ProcCorpus-60M. These annotations are converted
into ProcVQA, which contains three procedure-aware VQA task families shown in the figure: action
segmentation, future planning, and task progress prediction. ProcVLM is trained on ProcVQA to
learn procedural understanding and can further provide progress-based reward signals for downstream
reward-guided policy optimization.

in a robotic foundation model, and PROGRESSLM evaluating task-progress reasoning in VLMs
[28, 54, [72]]. Recent embodied reasoning models further extend VLMs toward spatial grounding,
keypoint reasoning, task decomposition, and reinforced embodied reasoning, as represented by
ReKep, Gemini Robotics-ER, and related systems [18] 23l [68]).

Reward Modeling for Manipulation. Reward design remains a central bottleneck for applymg
RL to robotic manipulation. Earlier robot RL methods have addressed sparse reward supervision
through goal relabeling, goal-conditioned value learning, offline value learning, and more recent
action-chunked optimization for long-horizon manipulation and VLA fine-tuning [3], O, 22 36].
Recent foundation-model-based reward methods use pretrained semantic and visual priors for success
detection, task-conditioned feedback, and reward generation, as shown by ReWiND, RoboCLIP,
RoboReward, and related systems 26 30, [57, [71]]. More specifically, VLM-based
reward and progress models seek denser feedback beyond sparse success labels. TOPReward probes
video-VLM likelihoods to estimate task progress, Robometer scales Qwen3VL-based video-language
reward modeling by combining frame-level progress/success prediction with trajectory-comparison
preference learning, and RoboDopamine learns step-aware process rewards from multi-view inputs
through step-wise reward discretization and multi-perspective reward fusion [10, 37, 58]. Related
dense-reward frameworks further use large VLMs, LLMs, VLA critics, or policy-internal signals
to support online refinement and long-horizon policy improvement [41], 144} [62], 67, [70} [73]]. While
these methods provide increasingly dense feedback from visual-state changes, success calibration,
preference learning, or policy rollouts, their progress labels often rely on whole-trajectory completion
interpolation with limited explicit procedural constraints.

3 Methods

3.1 Procedural Supervision Synthesis

Large-scale embodied manipulation datasets contain diverse task executions, but their supervision is
usually limited to task instructions, action trajectories, or coarse episode-level outcomes [59].
To learn procedure-grounded progress rewards, we develop a scalable procedural supervision synthesis
pipeline that uses large vision-language models as automatic annotators to convert raw
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Figure 2: Overview of the procedural supervision synthesis pipeline. Raw episodes are processed
through asynchronous data reading, multimodal preprocessing, VLM-based hierarchical annotation
generation, and post-processing to produce JSONL annotations with frame-wise subtask labels and
procedural reasoning.

trajectories into frame-wise annotations of subtask stages, completion states, and remaining actions,
forming ProcCorpus-60M.

3.1.1 Hierarchical Annotation Pipeline

Figure [2] illustrates the annotation pipeline. To improve throughput, we decouple data reading,
multimodal preprocessing, VLM inference, and post-processing into queue-connected workers. This
design overlaps CPU-side input construction with GPU-side inference, reducing stalls during large-
scale trajectory annotation. The resulting pipeline processes up to 4M keyframes per day on 8
H100 GPUs under our profiling setting; additional annotator and runtime details are provided in

Appendix

The core annotation process follows a hierarchical, global-to-local design. For each episode, we first
query the VLM on the complete video to infer a high-level task plan and localize the temporal span
of each candidate subtask. These video-level segments provide a global procedural structure, yielding
more temporally consistent labels than independent frame-wise annotation while reducing redundant
VLM calls. We then expand the segments into frame-wise subtask assignments and generate concise
reasoning only on visually deduplicated keyframes. During post-processing, neighboring frames
reuse nearby keyframe reasoning, preserving dense supervision without repeatedly annotating near-
duplicate observations.

3.1.2 Data Scaling and Filtering

Using the annotation pipeline above, we generate frame-wise procedural annotations over diverse real-
robot and simulation datasets, including DROID, BridgeData V2, Fractal, RH20T, Table30, selected
subsets of OXE [7, 116, 31} 147, 59, 164]], and common simulation benchmarks such as LIBERO,
RoboTwin 2.0, and GROOT-Teleop-Sim [[11} 39} 45]]. Before annotation, we sample and screen
candidate datasets to remove sources with poor visual quality or ambiguous instructions. A detailed
list of preprocessed datasets is provided in Appendix

The resulting ProcCorpus-60M augments raw manipulation trajectories with procedure-level supervi-
sion. Each annotated sample contains task-centric scene reasoning, including a concise description of
task-relevant visual evidence and a completion-state assignment; subtask annotations, including the
current subtask and the global subtask structure of the trajectory; and optional target grounding anno-
tations in the form of 2D bounding boxes. Together, these annotations connect visual observations
with task progress, remaining steps, and manipulation targets. ProcCorpus-60M contains about 400K
real-robot and simulated trajectories with over 60M annotated frames, serving as the data foundation
for procedure-aware pretraining on manipulation tasks.



Since automatic VLM annotation may still introduce noisy labels, we additionally curate a high-
quality refinement subset. Through manual inspection, we select about 15K trajectories whose
subtask segmentation closely matches the original videos while preserving task diversity. This
curated refinement set is used in the refinement stage of ProcVLM training, where precise subtask
alignment is more important than raw data scale.

3.2 Learning Procedure-Grounded Progress Rewards

Building on ProcCorpus-60M, we introduce ProcVLM, an embodied VLM for learning procedure-
grounded progress rewards. Rather than deriving progress from elapsed time or terminal outcomes,
ProcVLM defines continuous progress targets from frame-wise subtask annotations and predicts
them through reasoning over the current execution stage and remaining steps. Since ProcCorpus-
60M provides structured annotations rather than ready-to-use training samples, we further convert
them into procedure-aware VQA tasks and jointly train ProcVLM for textual subtask reasoning and
continuous progress estimation.

3.2.1 Procedure-Defined Progress Targets

To derive continuous progress labels from subtask annotations, we combine subtask-level structure
with intra-subtask visual motion. Let 7" denote the trajectory length, K the number of valid subtasks,
k(t) the subtask index at time ¢, and [sy, x| the temporal span of the k-th subtask. We define progress
as the normalized accumulation of local visual change weighted by subtask duration:

ft w(T)r(r)dr
p(t) = p———"—,
fo w(r)r(T)dr
where the subtask-level weight and the local progress rate are defined as
K T) = k(T )
wir) = dip (T80 =350) oe o5y — %
g S )|

Sk(7)

Here ¢(+) denotes the visual representation of the observation. The weight w(7) assigns each subtask
a global progress budget according to its relative duration, while the clipping range serves as a soft
anchor around an equal-subtask prior, preventing unusually long or short subtasks from dominating or
vanishing. Since r(7) is normalized within each subtask, it distributes this budget over time according

to local visual changes. In implementation, we approximate ||¢(7)|| with adjacent-frame perceptual
differences and add a small numerical stabilizer for each frame, yielding a lightweight progress label
that preserves subtask structure without reducing the target to linear interpolation over time.

3.2.2 Procedure-aware Pretraining

To turn the frame-wise annotations in ProcCorpus-60M into learnable supervision, we construct
a procedure-aware VQA training set, termed ProcVQA, and formulate pretraining as multi-task
VQA learning over robot observations and task instructions. Each training sample consists of a
task instruction, one or more visual observations sampled from the trajectory, and a target response
derived from the synthesized annotations. As illustrated in Figure [} ProcVQA is centered on
task progress estimation and further incorporates two auxiliary process-reasoning tasks to help the
model understand task procedures beyond scalar progress prediction. Additional details of ProcVQA
construction are provided in Appendix [C.T}

Subtask-structured progress prediction. For progress prediction, we supervise the model to output
the remaining atomic subtasks before estimating task completion. The final response ends with a
continuous completion value wrapped by a structured progress tag: <progress> p %</progress>.
This format grounds progress estimation in explicit task structure rather than superficial visual
correlations, while also producing reasoning-formatted supervision for later adaptation.

Action segmentation. Given a task execution video and its task instruction, the model predicts a
sequence of atomic subtask segments with semantic labels and temporal boundaries. This auxiliary
task supervises the model to identify stage transitions in long-horizon manipulation and builds
temporal understanding of task procedures.



Future planning. Given recent observations and task instruction, the model predicts the executable
subtasks required in subsequent steps. This auxiliary task focuses on connecting the current manipu-
lation state with future procedural actions, enabling the model to recover the remaining task structure
needed for planning and failure recovery.

3.2.3 ProcVLM Architecture and Training Objectives

ProcVLM is built on a compact vision-language backbone initialized from Qwen3-VL-2B-Instruct
[4]. The backbone takes task instructions and visual observations as input, and generates task-specific
textual responses through the standard autoregressive language modeling head. This branch supports
action segmentation, future planning, and reasoning-formatted progress prediction.

To enable continuous progress prediction, we attach a progress value head on top of the shared
VLM representations. For progress-estimation samples, this branch is activated to regress a scalar
completion score from contextual hidden states produced by the backbone. Specifically, the value
head applies attention pooling over relevant multimodal and textual representations before predicting
the progress value. This gated design preserves the original language generation pathway while
adding a dedicated continuous regression route for progress estimation, helping mitigate the tendency
of token-based numerical prediction to collapse into coarse or quantized anchors [20} 42} 160, [72].
By sharing the backbone with textual subtask reasoning, the value head grounds its prediction in
structured visual-language representations rather than isolated numeric cues.

ProcVLM is trained with a joint objective that couples text generation with continuous progress
regression. Across all three task families, we apply the standard autoregressive language modeling loss
to the supervised textual response. This also includes progress-estimation samples: their reasoning
context and formatted answer are learned through the language modeling objective, while the scalar
progress value parsed from the <progress> tag provides additional supervision for the value head.

For samples with progress supervision, the value branch predicts a continuous progress score p,
which is optimized against the ground-truth completion percentage p:

Lvalue = greg (ﬁv p)a

where /.., denotes the regression loss for continuous progress prediction. The final training objective
is
L= L:LM + A Hprogﬁvalucv

where Ly, is the standard autoregressive language modeling loss, I, indicates whether the sample
contains progress supervision, and A controls the weight of the value loss.

We train ProcVLM in two stages. The first stage uses the full ProcVQA dataset with approximately
20B tokens, while the second stage refines the model on a 2.8B-token curated set built from human-
selected data to improve subtask alignment, procedural reasoning, and progress estimation. Further
details on model configuration and training are provided in Appendices|C.2]and[C.3]

4 Experiments

We evaluate ProcVLM along three questions. (Q1) Does ProcVLM improve embodied procedural
understanding? We evaluate this on ProcVQA, covering action segmentation, future planning, and
task progress estimation. (Q2) Can ProcVLM serve as a generalizable progress reward model? We
compare it with representative robotic reward models, test one-shot adaptation on RoboFAC, and
conduct ablations on procedure-aware pretraining and reasoning-formatted supervision. (Q3) Can
ProcVLM improve downstream policy learning? We use it for reward-guided fine-tuning and compare
against vanilla supervised fine-tuning in simulation and real-robot settings.

4.1 Embodied Procedural Understanding

Setup. We evaluate ProcVLM on ProcVQA, a human-selected subtask-based VQA benchmark for
embodied procedural understanding. ProcVQA includes three tasks: action segmentation, future
planning, and task progress estimation. The ID split is derived from training-domain datasets such as
DROID, Bridge, Table30, and OXE, while the OOD split is constructed from unseen RoboTwin tasks.
We compare ProcVLM with mainstream VLMs, including GPT-5.4, Gemini 3.1 Pro, Qwen3VL, and



Table 1: Embodied procedural understanding evaluation on ProcVQA. We compare ProcVLM with
mainstream VLMs on ID and OOD splits across action segmentation, future planning, and task
progress estimation.

Action Segmentation  Future Planning  Progress Estimation

Dataset Name BF1@51 mMAE | Success T VOC1 EPR@501
Qwen3VL 0.3945 0.6033 0.6034 0.4420 4.4645
Qwen3.5 0.4296 0.7247 0.7931 0.5475 4.8741

1D Gemini 3.1 Pro 0.4698 0.6578 0.7413 0.5087 5.3725
GPT-5.4 0.5221 0.4864 0.5517 0.5229 4.8058
ProcVLM (Ours) 0.6924 0.6758 0.8103 0.8058 5.7489
Qwen3VL 0.4330 0.6263 0.6896 0.5361 49178
Qwen3.5 0.4185 0.5131 0.7758 0.6397 5.0932

00D Gemini 3.1 Pro 0.4584 0.6015 0.7241 0.5987 6.0399
GPT-5.4 0.4941 0.5158 0.5862 0.6553 5.2751
ProcVLM (Ours) 0.5802 0.5579 0.8448 0.7282 6.1152

Qwen3.5. We report BF1 @5/mMAE for action segmentation [27]], human-evaluated Success for
future planning, and VOC/EPR @50 for task progress estimation, with detailed metric definitions in
Appendix D]

Findings. Table[T|shows that ProcVLM achieves the strongest overall performance on both ID and
OOD splits. It obtains the best BF1@5, Success, VOC, and EPR@50, showing consistent gains
in action segmentation, future planning, and progress estimation. Although its mMAE is not the
lowest, ProcVLM remains comparable on this auxiliary localization metric while clearly improving
the primary segmentation metric.

4.2 Generalizable Progress Reward Evaluation
4.2.1 Zero-Shot Comparison with Robotic Reward Models

Baselines and setup. We compare ProcVLM with Robometer and RoboDopamine on the ProcVQA
progress estimation subset under a zero-shot setting. Robometer is trained on RBM-1M, a reward-
learning dataset with over one million trajectories, which is larger in trajectory scale than our
400K-trajectory ProcCorpus-60M. It learns frame-level progress and success prediction together
with trajectory-comparison preference learning, but does not explicitly supervise textual task-step
reasoning over current and remaining subtasks. RoboDopamine learns step-aware process rewards
from multi-view inputs through step-wise reward discretization and multi-perspective reward fusion,
using initial, goal, before, and after states to predict relative progress hops. Our primary evaluation
uses shuffled local-window queries: each query contains a short frame window, and windows from
the same trajectory are evaluated independently without chronological ordering. For RoboDopamine,
which requires before—after style inputs, we prepend a blank image to each local window as a neutral
start anchor. Details of baseline adaptation are provided in Appendix

Findings. Table [2| shows that ProcVLM achieves the best VOC under the shuffled local-window
setting on the OOD split of ProcVQA. Robometer attains higher EPR@50, likely due to its carefully
designed progress-regression head, but its lower VOC indicates weaker trajectory-internal progress
ordering under zero-shot evaluation. RoboDopamine remains relatively stable with a blank contrastive
anchor and shuffled VQA-window evaluation, but still lags behind ProcVLM in VOC. Its lower
EPR @50 suggests that, without a dedicated mechanism for continuous numerical regression, VLM-
style progress prediction may still collapse toward coarse value anchors, a known challenge when
continuous quantities are represented through discrete language tokens [20} 60, [69].

4.2.2 One-Shot Generalization

Setup and metrics. We evaluate one-shot generalization on the real-robot subset of RoboFAC, a
failure-centric robotic VQA benchmark that evaluates task understanding, failure diagnosis, and
correction planning from successful and failed manipulation executions [66]. We adapt it to evaluate
reward models on both successful and failed executions. The 1-shot (Succ.) setting provides



Table 2: Zero-shot comparison with robotic reward models on the ProcVQA-OQOD progress estimation
subset.

Dataset Metric ProcVLM-2B  Robometer-4B RoboDopamine-4B
VOC 1 0.7282 0.5296 0.7156
ProcVQA-OOD  gpra@sot  6.1152 6.7212 4.5693

one successful demonstration per task, while 1-shot (Succ. + Fail.) additionally includes one
demonstration for each task-specific failure type. Since one-shot demonstrations do not cover all
camera views, the test set may contain unseen viewpoints, making the setting closer to real deployment.
We report VOCgy for progress ordering, MAEg,;; for fault localization, MCC for binary success
detection, and inference latency for full-trajectory progress evaluation. Details are in Appendix [F}

Table 3: One-shot generalization on the real-robot subset of RoboFAC. We compare zero-shot and
one-shot settings, where 1-shot (Succ.) provides one successful demonstration per task and 1-shot
(Succ. + Fail.) additionally provides one demonstration for each task-specific failure type.

Setting Name VOCsyece T MAEgi | MCCT  Latency (s) |
Qwen3.5-27B 0.6191 0.1267  0.5678 1188
Zero-shot RoboDopamine-8B 0.9095 0.2268 0.5506 157
Robometer-4B 0.4129 0.1218  0.4516 139
ProcVLM-2B 0.4920 02001  0.6665 50
I-shot (Succ.) Robometer-4B 0.4094 0.1222  0.4435 136
-shot {suce. ProcVLM-2B 0.9137 0.1241  0.7918 81
I-shot (Succ, + Fail) Robometer-4B 0.4040 0.1221  0.4488 144
uee. " ProcVLM-2B 0.9301 0.1187  0.8053 80

Fast one-shot adaptation. Table [3| shows that ProcVLM can rapidly adapt to unseen RoboFAC
tasks with few demonstrations. While the zero-shot ProcVLM does not yet achieve the best progress
ordering, adding a single successful trajectory per task improves VOCg,cc by 85.7%, increases MCC
by 18.8%, and reduces MAEg,;; by 38.0%. Although the VOCg,,.. gain may partly reflect adaptation
to the successful demonstration, the simultaneous improvements on MAEy,; and MCC indicate that
semantic process reasoning enables ProcVLM to generalize task progress perception beyond the
demonstrated success case. In contrast, Robometer shows little improvement under the same one-
shot setting, suggesting that sparse preference supervision is less effective for single-demonstration
adaptation. ProcVLM also maintains substantially lower inference latency than larger reward-model
baselines, benefiting from its more compact model size.

Robust success detection and fault localization. Thanks to subtask-structured reasoning, zero-shot
ProcVLM already achieves the best MCC among comparable settings, indicating stronger robustness
in binary success detection. This advantage is further amplified when successful and failed demonstra-
tions are introduced. For fault localization, although zero-shot ProcVLM is not the strongest, adapting
it with only one successful demonstration brings MAEg,; to a level comparable with Robometer,
despite Robometer having a larger model scale and more extensive reward pretraining.

4.2.3 Ablation Studies

Ablation setup. We conduct the ablation study under the RoboFAC 1-shot (Succ.) setting described
in Section[#.2.2] Variants without ProcVLM pretraining are initialized from Qwen3-VL-2B-Instruct,
the same backbone used before our procedure-aware pretraining.

Procedure-aware pretraining enables one-shot transfer. Table d] shows that removing ProcVLM
pretraining causes the largest degradation, especially on MAE¢,; and MCC. This indicates that large-
scale procedure-aware pretraining provides transferable representations for task progress perception,
enabling the model to adapt to unseen RoboFAC tasks from only one successful demonstration. The
large drop of the w/o Pretrain variant further shows that few-shot adaptation alone cannot compensate
for the absence of procedure-aware pretraining.



Table 4: Ablation study on RoboFAC 1-shot adaptation. PT" denotes ProcVLM pretraining and Rsn
denotes reasoning-formatted supervision. A reports relative performance changes from ProcVLM,
where negative values indicate degradation after accounting for metric direction.

Variant PT Rsn. VOCsuce T MAEsi | Mcct
Score A Score A Score A
ProcVLM Ve v 0.9137 - 0.1241 - 0.7918 -
w/o Reasoning v/ - 09040 —1.1% 0.1284 —-35% 0.7598 —4.0%
w/o Pretrain - v 0.8281 —9.4% 02343 —88.8% 0.5949 —24.9%

Base - 0.8795 —3.7% 0.1985 —60.0% 0.6854 —13.4%

Subtask-structured reasoning improves progress alignment. Removing reasoning-formatted
supervision leads to consistent drops across all metrics, although the degradation is milder than
removing pretraining. This suggests that explicit task-structure reasoning helps the pretrained
model align low-level subtask cues with downstream progress labels, further improving one-shot
generalization.

The Base variant further supports this conclusion. It still learns reasonable progress ordering from
the provided successful demonstrations, but its severe degradation on MAE¢,; and MCC reveals
overfitting to surface-level progress cues. This highlights the strong synergy between procedure-aware
pretraining and subtask-structured reasoning in improving one-shot transferability.

4.3 Reward Fine-tuning

Setup. We evaluate ProcVLM as a progress-based reward model for downstream policy learning.
We build on SJITU Evo-RL, an open-source offline RL framework that supports value inference and
advantage-conditioned policy training [13]]. Using 7 5 as the base policy [48], both SFT and RFT
start from the same policy initialization and use the same training data. The SFT baseline follows
the standard supervised fine-tuning pipeline. For RFT, ProcVLM assigns progress scores as dense
rewards to training trajectories, which are used by Evo-RL to estimate advantages within a 50-step
horizon. Within each task, the top 30% advantage samples are labeled as positive and the remaining
samples are labeled as negative, serving as auxiliary conditions during reward-guided fine-tuning.
Experiments are conducted on LIBERO-10 simulation tasks [39] and a real-robot stack-bowls task in
our locally deployed JAKA environment. Further real-robot details are provided in Appendix

Table 5: Reward fine-tuning results in simulation and real-robot settings. Values are task success rates
(%, 1); A denotes percentage-point gain over SFT; steps use the same batch size across methods.

(a) Simulation: LIBERO-10 (b) Real Robot: Stack Bowls
Steps  SFT  RFT A Steps  SFT  RFT A
1000 73.2 73.6 +0.4 5k 37.5 62.5 +25.0
2000 72.8 74.0 +1.2 10k 70.8 83.3 +12.5

Findings. Table [5|shows that ProcVLM-guided RFT improves over vanilla SFT in both simulation
and real-robot settings. On LIBERO-10, RFT yields moderate early-stage gains of +0.4 and +1.2
points at 1K and 2K steps, as both methods start from the same strong pretrained policy. On the
real-robot stack-bowls task, RFT brings larger gains of +25.0 and +12.5 points at 5K and 10K steps.
This larger effect is expected because the teleoperation-collected real-robot data contain noisier local
behaviors, such as repeated grasp retries, which standard SFT may overfit to during early training.
By using ProcVLM rewards for advantage estimation and conditioning updates on high-advantage
samples, RFT downweights less useful segments and stabilizes policy fine-tuning.

5 Conclusion

This work presents ProcVLM as a procedure-grounded reward model for robotic learning. By combin-
ing subtask-structured progress supervision with reasoning over remaining steps, ProcVLM provides



discriminative feedback beyond time interpolation. Our results suggest procedure-aware pretraining
is a promising route toward transferable reward models for reward-guided policy optimization.

Limitations. ProcVLM learns progress from procedure-defined supervision, so its estimates can be
affected by the quality of subtask decomposition and temporal boundary localization [28 |33} 53]].
Our downstream experiments focus on a limited set of reward-guided optimization settings, rather
than exhaustively covering all possible integrations with policy-gradient-based reinforcement learning
and preference-based optimization [12} 52, 155]. ProcVLM uses a lightweight progress-regression
head, leaving calibration and robustness improvements to future work through distributional, stronger
regression, or comparison-based objectives [5}137,158].
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A Annotation Pipeline Details

This section provides additional details of the annotator models, hierarchical annotation process,
pipeline profiling results, and prompt templates used in Section[3.1]

A.1 Annotator Models

We use different large VLMs for different annotation stages. For video-level planning and subtask
temporal localization, we use Qwen3-VL-235B-A22B-Instruct as the annotator model, since these
tasks require long-context video understanding and global procedural reasoning. For frame-level
reasoning and grounding annotations, we use InternVL3.5-38B, which provides efficient and reliable
single-frame visual reasoning. All generated annotations are post-processed into JSONL files and
used to construct procedure-aware VQA tasks for ProcVLM pretraining.

A.2 Pipeline Execution and Post-processing

The annotation pipeline is implemented as a queue-based asynchronous system to avoid serialized
CPU/GPU execution. It consists of four decoupled modules: data reading, CPU-side preprocessing,
GPU-side VLM inference, and post-processing. Each module runs independently and communicates
through bounded queues, so that slow I/O, image preprocessing, and VLM inference do not block
each other. This design overlaps CPU preparation with GPU execution, reduces pipeline bubbles, and
keeps the annotator GPUs continuously supplied with ready-to-run batches.

Data reader. The data reader scans raw robot episodes, organizes them into task-consistent trajecto-
ries, and performs sparse video sampling according to the annotation stage. It also prefetches images
and metadata asynchronously, including task instructions, camera keys, frame indices, and episode
identifiers. This module isolates storage and decoding latency from the rest of the pipeline, preventing
GPU workers from waiting on raw data loading.

CPU processor. The CPU processor converts sampled episodes into VLM-ready inputs. It performs
image loading, resizing, multimodal preprocessing, prompt construction, and template formatting
for different annotation tasks, including plan generation, subtask temporal localization, frame-level
reasoning and target grounding. Because each annotation query often contains multiple images
or video frames, we move image loading, multimodal preprocessing, and template formatting to
CPU workers ahead of GPU inference, keeping ready-to-run batches available for GPU workers and
reducing idle GPU time.

GPU worker. The GPU worker consumes preprocessed batches and runs large VLM inference. De-
pending on the annotation stage, it performs video-level task planning, subtask temporal localization,
or keyframe-level reasoning and grounding. We use optimized inference backends such as vLLM and
LMDeploy, together with local batched inference APIs, to keep large multimodal requests densely
packed on the GPU and maximize annotation throughput.

Consumer and post-processing. The consumer parses VLM outputs, validates their format, and
writes normalized JSONL annotations indexed by dataset name, episode id, frame id, and camera
key. It expands video-level subtask segments into frame-wise assignments, propagates keyframe
reasoning to neighboring non-keyframes when appropriate, checks temporal consistency for ground-
ing box outputs and removes invalid boxes. This stage converts heterogeneous VLM outputs into a
standardized annotation format, allowing different robot datasets to be merged into ProcCorpus and
later converted into ProcVQA training samples.

Overall, the pipeline separates I/O-bound, CPU-bound, GPU-bound, and format-normalization
workloads into independent stages. This modular design improves annotation throughput, reduces idle
time caused by CPU/GPU synchronization, and makes large-scale frame-wise procedural annotation
practical over hundreds of thousands of trajectories.

A.3 Pipeline Profiling
In our profiling experiment, the pipeline is deployed on 8 NVIDIA H100 GPUs with 0GB HBM3

memory. Under this setting, it processes about 4M keyframes per day. Figure 3|shows the throughput
and GPU utilization of the annotation pipeline.
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Figure 3: GPU power consumption and utilization over time across multiple GPUs during the
annotation pipeline execution. The GPUs maintain consistently high utilization and stable power
draw for most of the run, indicating efficient parallel workload scheduling with only brief transient
drops.

A4 Prompt Templates

We use task-specific prompt templates for plan generation, subtask temporal localization, and frame-
level reasoning. The templates are shown below.

A.4.1 Plan Generation

I will give you a robot task and a video showing the robot arm performing the task.
You need to analyze actions of the robot arm from the video and decompose the task
into a sequence of detailed sub-tasks. The sequence of sub-tasks should lead to the
completion of the overall task.

Hi#H#

Grasp [specific object]

e.g. "Grasp the red block"

Explain: Use this pattern when the robot isn’t holding anything and needs to pick up
an object, before performing other actions like placing or lifting.

#i#H#

Place [specific object] onto / into [specific location]

e.g. "Place the cup onto the table" or "Place the screwdriver into the tool rack."
Explain: Use this pattern when the robot is holding an object and needs to put it
down at a specific location.

Hi#H#

Push [specific object] [forward / backward / left / right]

e.g., "Push the blue block forward"

Explain: Use this pattern when the robot needs to move an object in a specific
direction by applying force to it, without lifting or grasping it. "Push" and
("Grasp", "Place") are mutually exclusive.

Hi#H#

Tilt the gripper

e.g. "Tilt the gripper to pour the liquid" or "Tilt the gripper slightly to the left"
Explain: Use this pattern when the robot needs to adjust the angle of its gripper,
either to pour liquid or position the gripper for some specific task.

#it#

Hang [specific object] on / above [specific location]

e.g. "Hang the coat on the hook" or "Hang the cup above the table"

Explain: Use this pattern when the robot needs to suspend an object from a specific
location, such as hanging a coat on a hook or a cup above a table.

##H#

Press [specific object]

e.g., "Press the button" or "Press the power switch until it clicks."

#H##

Open [specific object]

e.g. "Open the door slowly"

#H#H#

Close [specific object]

e.g., "Close the 1lid securely"

19



#H##

Rotate [specific object]

e.g., "Rotate the knob clockwise"
#it#

A1l sub-tasks must be in exactly one of the patterns above, and should follow the
Explain for each pattern. There is no need to include the robot arm itself as an
object in the sub-tasks.

You should output sub-tasks in a numbered list format, starting from 1. Each line
contains one sub-task with a leading number and a period. No extra text or
explanation.

Task: {task}
Output:

A.4.2 Subtask Segmentation

You will be shown a VIDEO of a robot task and an UNORDERED list of planned sub-tasks.

Task: "{task}"
Planned sub-tasks:
{plans}

0BJECTIVE:

For each planned sub-task, if present, mark the frames where it starts and finishes.
If a sub-task is started but not finished, set complete_frame=null. If not present
at all, set both start_frame=null and complete_frame=null, and notes="not present".
If the video shows any action was interrupted and the overall task was not completed,
set overall_notes="task not completed".

OUTPUT FORMAT:

{
"task": "<same as input task>",
"subtasks": [

{"id":1, "notes":"<<=60 words optional>",
"start_frame":<int|null>, "complete_frame":<int|null>,
"name":"<same text from plans>"},

])

"overall_notes":"<<=30 words optional>"
}
HINTS:

- Find the changes in effector pose and object motion as candidate start/complete frames.

- The start frame can be picked slightly earlier and the complete frame slightly later
to ensure the action is fully captured.

- If multiple candidates exist, pick the final success. If retries occur, record the
final success.

- Use the last frame of the video as reference for overall_notes.

Now process the provided video and planned sub-tasks and return the JSON result ONLY.

A.4.3 Frame-level Reasoning

We use three reasoning templates depending on the task state: unfinished, finished, and give-up/failure.
These templates are intentionally short and task-oriented, encouraging the annotator VLM to focus
on task completion and remaining procedural steps rather than open-ended scene description.

Unfinished state.
The image shows a robot performing a task: ’{task}’, which may be incomplete.

Remaining subtasks: ’{rest_sub_task}’.
Explain why it’s unfinished and briefly describe the next steps based on image details.
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Output (<=150 words, 3 sentences):
<analysis with image details>. This task is not finished <short reason>.
<one-sentence summary of next steps>.

Example:

Task: ’put all the green objects on the pink plate.’

Image: a green apple in robot arm, a green pear on blue plate.

Output:

Image shows a green apple held by the robot and a green pear on the blue plate.
This task is not finished because both green objects are not yet on the pink plate.
The robot should place the green apple on the pink plate, then move the green pear
from the blue plate to the pink plate.

Finished state.

The image shows a robot performing a task: ’{task}’, which is finished.
Explain briefly why it’s completed based on image details.

Output (<=50 words, 2 sentences):
<analysis with image details>. This task is finished <short reason>.

Example:

Task: ’put all the green objects on the pink plate.’

Image: both green apple and pear on pink plate.

Output:

Image shows a green apple and pear on the pink plate. This task is finished because
all green objects are placed correctly.

Give-up or failed state.

The image shows a robot performing a task: ’{task}’, which is not finished.
Explain briefly why it’s unfinished based on image details.

Output (<=50 words, 2 sentences):
<analysis with image details>. This task is not finished <short reason>.

Example:

Task: ’put all the green objects on the pink plate.’

Image: a green apple held by the robot, a green pear on blue plate.

Output:

Image shows a green apple in the robot arm and a green pear on the blue plate.

This task is not finished because neither object has been placed on the pink plate.

B Preprocessed Dataset Details

This section provides the detailed list of real-robot and simulation datasets preprocessed and annotated
for ProcCorpus, as described in Section[3.1.2] We merge multiple task-level or configuration-level
subsets belonging to the same dataset family, and report annotation statistics based only on subtask
annotations.

Table [6] summarizes the dataset sources and subtask annotation coverage of ProcCorpus. In total, the
corpus contains more than 60M raw frames from over 400K real-robot and simulated trajectories, with
most datasets achieving high subtask annotation coverage. These statistics show that the annotation
pipeline can scale to heterogeneous manipulation data while maintaining dense procedure-level
supervision for ProcVLM pretraining.

As illustrated in Figure 4] each ProcCorpus annotation enriches a raw manipulation frame with
task-centric reasoning, completion-state assignment, subtask structure, and target grounding.
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Input — Embodied Chain-of-Thought Reasoning

Task: Place the dishes in the dish rack. ‘ ‘ i ‘ ‘
. \,)‘ Scene Description: Task Completion Future Action Plan: To-do Actions: Target Objects:
<, Image shows a blue Assessment: The robot should  Grasp the blue plate — ‘
| X plate on a towel and a This task is not grasp the blue plate from the towel; l ( <
e, s w.hlte cup next tvf) it, finished because the from the towel and « Place the blue plate i & | E
o with an empty dish blue plate and white place it into the dish into the dish rack; ! <
i R rack. cup are not yet rack, then grasp the * Grasp the white cup Blue plate: Blue plate:
Global View Wrist View placed in the dish ARG e e e e e [0.702, 0.554, [0.05, 0.05,
rack. el el R + Place the white cup 0.962, 0.762] 0.862, 1.0]
onto the dish rack. onto the dish rack;
Finished: No * Done. Discrete Action Tokens

Figure 4: Example of Embodied Chain-of-Thought (ECoT) annotation in ProcCorpus. Given multi-
view robot observations and a task instruction, ECoT enriches the raw frame with task-centric scene
reasoning, completion assessment, future action planning, remaining to-do actions, target-object
grounding, and optional discrete action tokens for VLA training.

Table 6: Datasets used for ProcCorpus construction. Annotated frames and annotation rates are
computed based on subtask annotations only.

Ann. Ann.
Dataset Frames Traj. Frames Rate
Real-robot datasets
DROID 27,630,375 95,658 26,157,676 94.67%
BridgeData V2 2,863,587 78,637 2,790,172 97.44%
Fractal 3,786,400 87,212 3,778,827 99.80%
RH20T 1,699,138 4,433 1,621,815 95.45%
Table30 5,184,355 25,610 5,167,461 99.67%
OXE / Austin BUDS 34,112 50 34,112 100.00%
OXE / Austin SAILOR 353,094 240 353,094 100.00%
OXE / Austin SIRIUS 279,939 559 279,939 100.00%
OXE / Berkeley AUTOLab URS 86,887 896 86,583 99.65%
OXE / Berkeley FANUC Manipulation 62,613 415 59,764 95.45%
OXE / CMU Play Fusion 235,922 576 235,096  99.65%
OXE / Columbia PushT 24,802 122 23,220 93.62%
OXE / DLR EDAN Shared Control 8,928 104 8,597 96.29%
OXE / DLR SARA Pour 12,971 100 12,771 98.46%
OXE / Dobb-E 1,139,911 5,208 1,087,931 95.44%
OXE / FMB 1,137,340 8,611 959,915 84.40%
OXE / IAMLab CMU Pickup-Insert 146,105 522 145,053  99.28%
OXE / Jaco Play 70,127 976 68,872 98.21%
OXE / NYU Door Opening 17,761 435 17,670  99.49%
OXE / QUT Dexterous Manipulation 176,278 200 175,538  99.58%
OXE / Stanford HYDRA 358,234 570 353,326  98.63%
OXE /TOTO 294,139 902 294,139 100.00%
OXE / UCSD Kitchen 3,970 150 3,491 87.93%
OXE / UT Austin Mutex 361,883 1,500 350,737  96.92%
Internal / JAKA Teleop 23,774 100 22,271 93.68%
Internal-xArm / Real-world Tabletop 366,152 2,005 366,152 100.00%
Real-robot total 46,358,797 315,791 44,454,222 95.89%
Simulation datasets
GROOT-Teleop-Sim 5,820,277 24,000 5,807,497 99.78%
Internal-xArm / Simulation Tabletop 2,001,729 43,720 1,998,726 99.85%
LIBERO v2.1 273,465 1,693 273,465 100.00%
RoboTwin 2.0 6,012,086 27,200 5,997,357 99.76%
Simulation total 14,107,557 96,613 14,077,045 99.78%
Overall total 60,466,354 412,404 58,531,267 96.80%
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C ProcVLM Training Details

This section provides additional training details for ProcVLM, including the construction of ProcVQA,
the model configuration for progress-value prediction, and the two-stage training pipeline, as described
in Section[3.2

C.1 ProcVQA Construction

C.1.1 Construction from Procedural Annotations

ProcVQA is constructed from the frame-wise annotations in ProcCorpus. Each raw trajectory is
represented by a task instruction and a robot execution video, where the video is treated as an
ordered image sequence. The synthesized annotations provide subtask labels, temporal boundaries,
frame-level procedural reasoning, and progress estimates.

We convert these annotations into supervised multimodal question-answering samples. Each sample
consists of a textual query, one or more visual observations sampled from the trajectory, and a
target response derived from the corresponding procedural annotations. This conversion turns dense
frame-wise annotations into a unified VQA-style supervision format for multimodal instruction
tuning.

We define an atomic action as an executable subtask that can be described by a single explicit verb-
level action. A high-level task may admit multiple valid decompositions under this definition, but we
regard them as acceptable as long as each atomic action is temporally coherent and verb-maximal, i.e.,
it covers a complete continuous execution phase whenever possible. Under this principle, different
decompositions can still provide meaningful low-level and generalizable action descriptions.

For instance, the high-level instruction “clean the table” is not directly executable as a single verb-
level action. When two tissues are on the table, a valid decomposition may include grasping the
left tissue, placing it into the trash can, grasping the right tissue, and placing it into the trash can.
ProcVQA therefore supervises the model to reason over explicit procedural steps rather than only
imitate trajectory-level task descriptions.

C.1.2 Task Templates

These templates instantiate the pretraining tasks introduced in Section [3.2.2] with five concrete
variants denoted as (a.1), (a.2), (b.1), (b.2), and (c). They use either video-level interleaved frame-
index sequences for action segmentation or recent local observation windows for next-step prediction,
remaining-step planning, and progress estimation.

An interleaved frame-index sequence represents a video as an ordered multimodal sequence,
where each frame image is followed by its frame identifier, e.g., <image><frame_id:
1><image><frame_id: 2>. This format preserves the temporal order of sampled frames while
remaining compatible with the image-text input interface of the VLM.

(a.1) Action segmentation with task instruction. Given an interleaved frame-index sequence and
its task instruction, the model segments the execution into consecutive atomic actions:

Segment the execution of the task "{task}" into consecutive
atomic actions. Each segment should correspond to a single,
explicit verb-level action. Output a JSON list with keys
"action_description", "start_frame", and "end_frame".

The target response is a JSON-style list of action segments, where each segment contains an action
description and its start and end frames.

(a.2) Task-free action segmentation. We also construct a task-free segmentation variant, where the
model receives only the visual sequence and predicts the atomic action segments without the original
task instruction:

Segment the actions shown in the image sequence into consecutive
atomic actions, each described by a single explicit verb. Output
a JSON list with keys "action_description", "start_frame", and
"end_frame".
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This variant encourages the model to infer procedural structure directly from visual observations.

(b.1) Immediate next-step prediction. Given a recent observation window and the task instruction,
the model predicts the immediate next atomic action:

Given the recent observation and the task "{task}", predict the
immediate next atomic action the robot should execute. Use a single
explicit verb-level description.

The target response is a single executable verb-level action.

(b.2) Future planning. Given a recent observation window and the task instruction, the model
predicts the remaining atomic actions required to complete the task:

Given the recent observation and the task "{task}", list the
remaining atomic actions required to complete the task, starting
from the next time step. Each action should be a single explicit
verb-level step.

The target response is an ordered list of remaining subtasks.

(c) Subtask-structured progress prediction. For progress prediction, the model first infers the
remaining atomic actions and then estimates the current task completion percentage:

Given the recent observation and the task "{task}", first infer
the remaining atomic actions required to complete the task. Then
estimate the current completion percentage and output it as a float
wrapped by <progress> tags.

The response ends with a structured progress tag:
<progress> p %</progress>,
where p is a continuous completion percentage. This format provides both token-level supervision

for procedural reasoning and scalar supervision for the progress value head.

C.1.3 Training Sample Statistics

ProcVQA is split into a large-scale pretraining set and a curated refinement set. The first-stage set is
constructed from the full annotated corpus and provides broad coverage across robots, environments,
viewpoints, and task types. The second-stage set is built from human-selected trajectories with more
accurate subtask alignment and clearer procedural structure.

Table 7: Summary of ProcVQA training data used for the two-stage ProcVLM training pipeline.

Statistic Stage 1 Pretraining Stage 2 Refinement
Data source Full ProcVQA set Human-selected subset
Token scale ~20B 2.8B
Trajectory scale ~400K ~15K

Main purpose Broad procedural pretraining  High-quality refinement

To further characterize the procedural structure of the curated refinement set, we report the distribution
of subtask counts per trajectory in Table[§] The Stage 2 set contains 13,688 trajectories, with an
average of 2.87 subtasks per trajectory and a median of 3. This indicates that the curated set contains
substantial multi-step procedural structure rather than only single-action executions, supporting its
use for refinement-stage training on subtask alignment and progress reasoning.

C.2 ProcVLM Configuration

C.2.1 Backbone and Output Branches

ProcVLM is initialized from Qwen3-VL-2B-Instruct. The backbone takes visual observations and task
instructions as multimodal input and generates textual responses through the standard autoregressive
language modeling head. This language branch is used for all ProcVQA task families.
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Table 8: Distribution of subtask counts per trajectory in the Stage 2 curated refinement set.
# Subtasks 1 2 3 4 5 6 7 8§ 9 10 11 12 >14
# Trajectories 1455 5303 4187 1523 210 479 123 197 19 153 2 15 22

Summary statistic Value
Total trajectories 13,688
Mean # subtasks 2.87
Median # subtasks 3
Minimum # subtasks 1

Maximum # subtasks 24

The value head is implemented as a three-layer MLP with hidden dimensions d;, — 4d;, — d, — 1,
where d;, denotes the hidden size of the VLM backbone.

C.2.2 Progress-Value Gating

The progress value head is controlled by a semantic gating mechanism. During training, this branch is
activated when the ground-truth response contains a <progress> tag. For samples without progress
supervision, only the language modeling objective is applied. During inference, the value branch
can be activated on demand for responses containing a <progress> tag. This gated design separates
general procedure-aware text generation from continuous value prediction. It allows ProcVLM to
learn from all task families through language modeling, while using progress-prediction samples to
additionally supervise the value head.

C.2.3 Value-Head Pooling

Let H = {h;}£_, denote the sequence hidden states produced by the VLM backbone. For progress-
prediction samples, the value head applies attention pooling over the valid sequence positions:

exp(s(h;)
S5 exp(s(

)-m
hj)) - m;

a; = )

L
hpool = Z aihia ﬁ = fvalue(hpool)7
1=1

where s(-) is the attention scoring function, fya1,e is the regression head, and m; denotes the attention
mask that excludes padding tokens. During training, h; is obtained by applying feature-level dropout
to the tail hidden states that contain the progress answer, while keeping other hidden states unchanged.
This corruption reduces direct access to the ground-truth progress tokens during teacher forcing and
encourages the value head to infer progress from the visual observation, task instruction, and prior
procedural reasoning.

C.3 Training Pipeline and Implementation Details
C.3.1 Language Modeling Supervision

Given the ProcVQA templates above, all task families are trained with the standard autoregressive
language modeling objective over the supervised assistant response. The input prompt, including task
instructions and visual observations, is used as conditioning context, while the loss is applied only to
the target response tokens. Formally, given a multimodal input = and a target response y = {y; }_,

we compute
1

*m Z log Py (y: | y<t, ),

tEMeext

Lim =

where Mqy denotes the set of target response tokens used for language modeling supervision.
Prompt tokens and padding tokens are masked out in the label tensor and are therefore excluded from
the loss.
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Progress-prediction samples are also included in this language modeling objective. In these samples,
the reasoning context and the formatted progress answer are learned as text, while the scalar value
inside the <progress> tag is additionally used as supervision for the value head.

C.3.2 Progress Value Supervision

For progress-prediction samples, we parse the scalar completion value from the structured
<progress> tag and use it as the ground-truth progress label. Although the textual response expresses
progress as a percentage, the regression loss is computed on a normalized scale. Let p denote the
parsed completion percentage and p = p/100 denote its normalized value. The value head predicts a
normalized progress score p € [0, 1], and the value loss is defined as

‘Cvalue - Ereg(ﬁﬂj)u
where £, is the regression loss used for continuous progress prediction.

The overall objective is

L= ACLM + A Hprogﬁvaluev
where [, indicates whether the sample contains progress supervision and A controls the contribution
of the value regression loss. In minibatches containing both progress and non-progress samples, the
value loss is averaged only over samples with valid progress labels.

C.3.3 Leakage-Prevention Tail Dropout

During teacher forcing, the ground-truth progress value appears near the end of the textual target. If
the value head directly relies on the hidden states of the <progress> answer tokens, it may recover
the target value from the answer span rather than infer task progress from the visual observation and
procedural context. To reduce this leakage, we apply a soft tail-masking strategy before value-head
pooling.

Specifically, for each training sequence, we identify the last valid token according to the attention
mask and apply feature-level dropout to the final V¢,; hidden states:

B — Dropout(hi; prai1), @ € Trail,
(A .
hi, otherwise,

where Ti.; denotes the tail token region containing the progress answer. In our implementation,
we set Ny, = 14, which covers the numerical progress answer, the surrounding <progress> tags,
and the sequence ending tokens in the default response format. We use py,;1 = 0.5 for feature-level
dropout during training.

The corrupted hidden states H = {h;}%_, are then passed to the attention pooler together with the
standard attention mask. Importantly, the tail tokens are not removed from pooling by setting their
attention mask to zero. Instead, their hidden features are partially corrupted. This soft masking
weakens direct access to the ground-truth progress tokens while keeping the tail positions in the
computation graph, allowing gradients to still flow through the complete response sequence.

At inference time, no tail dropout is applied. When the value branch is enabled, the model runs a
forward pass over the generated sequence and predicts the progress value from the resulting hidden
states.

C.3.4 Two-stage Training Pipeline

As described in Section[3.2.3] ProcVLM is trained in two stages: large-scale pretraining on the full
ProcVQA dataset, followed by refinement on a curated subset constructed from human-selected
trajectories. We provide the training curves in Figure [5]to analyze the distinct roles of the two stages.

Figure [5|reports representative metrics throughout training on both the in-distribution test_full
split and the out-of-distribution valid_full split. F1 @50 directly measures action segmentation
quality by matching predicted and ground-truth subtask intervals. SA evaluates the semantic accuracy
of predicted subtask plans. GS measures progress regression accuracy. MCC @95 evaluates success-
state prediction by converting progress into a binary decision, where p > 95 and p > 95 indicate
ground-truth and predicted success, respectively. VOC and KT both measure intra-trajectory ordering
ability, i.e., whether predicted progress values preserve the temporal order of states within a trajectory.
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Figure 5: Training curves of ProcVLM under the two-stage training pipeline. Green denotes Stage 1
pretraining on the full ProcVQA dataset, and yellow denotes Stage 2 refinement on the curated subset.
Metrics are evaluated on the in-distribution test_full split and the out-of-distribution valid_full
split. Stage 1 mainly establishes generalizable procedural representations from large-scale diverse
supervision, while Stage 2 further improves prediction precision with higher-quality refinement data.

The Stage 1 curves show that large-scale pretraining is crucial for generalization. Training on
the full ProcVQA dataset consistently improves planning, progress estimation, success prediction,
and trajectory-ordering metrics on both in-distribution and out-of-distribution splits, indicating that
diverse procedure-aware supervision helps learn transferable task-progress representations.

Stage 2 further refines the pretrained model on the curated subset. After switching to higher-quality
data, the model gains precision on metrics requiring accurate subtask boundaries, calibrated progress
values, and reliable temporal ordering, with stronger improvements on the in-distribution split and
smaller gains or fluctuations on the out-of-distribution split. Together, these trends support the
two-stage design: Stage 1 builds generalizable procedural representations, while Stage 2 sharpens
subtask and progress prediction.

C.3.5 Training Hyperparameters

The main training hyperparameters are summarized in Table [9] Both stages use the same joint
objective described above and train the VLM backbone together with the progress value head. They
differ mainly in data distribution, optimization schedule, and value-head regularization: Stage 1 uses
a larger learning rate and lower value-head regularization for broad pretraining, while Stage 2 uses a
smaller learning rate and stronger refinement regularization on the curated subset.

D ProcVQA Evaluation Details

This section provides additional details of the ProcVQA benchmark and evaluation metrics used in
Section 411

D.1 Benchmark and Splits

ProcVQA is a human-selected ECoT-based VQA benchmark for embodied procedural understanding.
It covers three manipulation-understanding tasks: action segmentation, future planning, and task
progress estimation. To evaluate both in-domain performance and cross-domain generalization, we
divide ProcVQA into an in-distribution (ID) split and an out-of-distribution (OOD) split. The ID
split is derived from training-domain datasets, including DROID, Bridge, Table30, and selected OXE
subsets, while the OOD split is constructed from unseen RoboTwin tasks.

D.2 Metrics

Boundary F1 score (BF1). BF1 is calculated as follows. Given predicted and ground-truth action
segments, we first extract segment boundaries and remove duplicated boundary positions. A predicted
boundary is matched to a ground-truth boundary if their temporal distance is within 5% of the
sequence length. Each boundary can be matched at most once. BF1@5 is then computed as the
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Table 9: Training hyperparameters for the two-stage ProcVLM training pipeline.

Hyperparameter Stage 1 Pretraining Stage 2 Refinement

Training data train_s1_8k train_s2_8k

Token scale ~20B 2.8B

Backbone initialization Qwen3-VL-2B-Instruct Stage 1 checkpoint

Trainable modules VLM backbone, vision tower, VLM backbone, vision tower,
multimodal projector, value head multimodal projector, value head

LoRA Disabled Disabled

Precision bf16 bf16

Context length 8192 8192

Data packing Enabled Enabled

Per-device batch size 1 1

Gradient accumulation 64 64

Effective batch size 64 x Ngpu 64 x Ngpu

Base learning rate 1x107° 5x107°

Multimodal projector learning rate 1 x 107° 4x10°°

Vision tower learning rate 5x107° 2x10°°

Optimizer AdamW AdamW

Learning-rate schedule Cosine Cosine

Warmup ratio 0.03 0.05

Weight decay 0.01 0.01

Training length ~1.1-1.2 epochs ~3—4 epochs

Image pixel range 322-5122 322-5122

Video sampling 2 FPS, up to 512 frames 2 FPS, up to 512 frames

Regression 108s £reg L1 L1

Value-loss weight A 0.2 0.3

Value-head dropout 0 0.05

Value noise std. 0.03 0.01

Distributed training DeepSpeed ZeRO-2 DeepSpeed ZeRO-2 with offload

Gradient checkpointing Enabled Enabled

boundary-level F1 score from matched and unmatched boundaries. We use BF1@5 as the primary
segmentation metric because it penalizes both missing and redundant boundaries.

Matched boundary localization error (nMAE). mMAE measures the temporal localization error
of matched boundaries. It is computed as the mean absolute distance between each matched predicted
boundary and its corresponding ground-truth boundary. Since mMAE is calculated only over matched
boundaries, it does not penalize false positives or false negatives. We therefore report it as an auxiliary
metric rather than the primary action segmentation metric.

Future planning success (Success). Success measures whether the model-generated future task
plan can be successfully executed and satisfy the given instruction. We compute this metric through
anonymized and randomly ordered human evaluation, where annotators compare model outputs
without knowing the model identity.

Value-Order Correlation (VOC). VOC evaluates the ranking accuracy of predicted task progress
within each trajectory. We compute VOC using Spearman’s rank correlation coefficient p between
the predicted progress values and the ground-truth temporal progress labels. This metric focuses on
whether the model preserves the correct progress order along a trajectory.

Effective Progress Resolution (EPR). EPR measures the density of continuous progress regression.
It discourages models from obtaining high VOC by predicting only a few discrete progress anchors,
such as 0.25, 0.5, 0.75, and 1.0. For predicted progress values p, EPR is defined as

EPR,(p) = —logomin{A € {1/k |k e N. .} | A+ |Ba(p)| > 7},

where Ba (p) denotes the set of occupied quantization bins after quantizing p with bin width A. In
our experiments, we report EPR@50 by setting 7 = 0.5.
E Reward Model Baseline Adaptation Details

This section provides additional details of the reward model baseline adaptation used in Section
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Evaluation setting. We evaluate ProcVLM against generalizable manipulation reward models with
visual-language inputs. We focus on models that can be adapted to estimate absolute task progress
from short local temporal windows, typically 1-16 consecutive frames within about one second. We
select RoboDopamine and Robometer as representative baselines for this setting.

RoboDopamine. RoboDopamine trains a step-aware vision-language reward model to estimate
fine-grained manipulation progress from multi-view state observations by predicting relative progress
hops and fusing them into dense rewards. Since RoboDopamine requires contrastive inputs, we
concatenate query frames from the same trajectory in the original ProcVQA order and prepend a
blank image as a neutral contrastive start anchor. This construction avoids giving the model additional
visual progress cues beyond the queried observations. Unless otherwise specified, RoboDopamine
results are obtained with the Robo-Dopamine-GRM-2.0 series, and we use the corresponding 4B or
8B variant according to each experiment.

Robometer. Robometer trains a Qwen3VL-based video-language reward model with both frame-
level progress/success supervision and trajectory-comparison preference supervision, enabling dense
reward prediction from robot videos and language instructions. In our evaluation, Robometer receives
the instantaneous input window from each VQA query, and we use its last-frame prediction as the
final progress estimate.

F RoboFAC Evaluation Details

This section provides additional details of the RoboFAC evaluation protocol and metric definitions
used in Section [4.2.2]

F.1 Implementation Details

Benchmark. RoboFAC is a failure-centric robotic manipulation VQA benchmark for robotic failure
analysis and correction. It contains diverse successful and failed manipulation executions, with
structured annotations for task understanding, failure analysis, and correction. RoboFAC consists
of both real-robot and simulated data, and we use only the real-robot subset for evaluation. We use
RoboFAC to evaluate whether ProcVLM can generalize to unseen tasks with only a small number of
demonstrations.

One-shot split construction. We first split all trajectories into success and failure sets. We then
construct task-level one-shot training sets separately from these two sets. For the success set, we
select one trajectory for each task as the one-shot successful demonstration. For the failure set, we
select one trajectory for each task—failure-type pair, so that different failure modes are covered with
minimal supervision. All remaining trajectories are used for testing.

Viewpoint coverage. The one-shot demonstrations are selected at the trajectory level and do not
explicitly cover all camera viewpoints. As a result, the test set may contain observations from
viewpoints that are absent from the one-shot demonstrations. This design makes the evaluation
more challenging and better reflects practical reward-model deployment, where a small number of
demonstrations cannot exhaustively cover all visual variations.

Success detection. For binary success detection, each model performs inference on the full test
set using the visual observation from the last temporal window of each trajectory. Robometer
predicts completion with its success head, whose probability is discretized into a binary success label.
For RoboDopamine and ProcVLM, we use the predicted progress value and apply a fixed success
threshold to obtain the binary completion label.

Full-trajectory progress evaluation. For full-trajectory progress evaluation, running all test trajecto-
ries is computationally expensive. We therefore sample 100 test trajectories in total, evenly from the
success and failure sets, and evaluate progress prediction along the sampled trajectories.

F.2 Metrics
VOC on successful trajectories. VOCy, . is computed only on successful trajectories and follows

the same definition as VOC in ProcVQA. It measures whether predicted progress values preserve the
correct temporal order along a successful execution.
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MAE on failed trajectories. MAEg,; is computed only on failed trajectories. For each failed
trajectory, we identify the earliest frame that reaches the maximum predicted progress value:

t* = min arg max Pe,

where p; denotes the predicted progress value at frame ¢. We treat ¢t* as the predicted turning point,
corresponding to the estimated failure onset. Given the human-annotated cutoff index s, MAE¢aj)
is computed as

Ntail

1
MAE;,; =
foil Ntait ;

vo -

MCC for success detection. We use the Matthews correlation coefficient (MCC) to evaluate binary
success detection. Predicted progress scores or success probabilities are converted into completion
labels using a fixed threshold, and MCC is then computed against the ground-truth success/failure
labels.

Latency. Latency is measured in seconds during full-trajectory progress evaluation and reports the
average inference time required to process one trajectory. We measure latency on NVIDIA RTX
A6000 GPUs, using single-GPU deployment for all models except Qwen3.5-27B, which is deployed
with 4-way tensor parallelism.

G Real-Robot Experiment Setup

This section provides additional details on real robot reward finetuning experiments in Section @.3]

Task and data setup. We conduct real-robot experiments on a tabletop stack-bowls task with a
single-arm JAKA robot. The task requires the robot to pick up a bowl on the table and place it into a
target bowl, forming a properly nested bowl stack. The real-robot training set contains 50 human
teleoperated demonstration trajectories, approximately evenly distributed across scenes with two,
three, and four bowls. We train both SFT and RFT policies for 10k steps with a batch size of 64, and
visualize representative rollouts at both 5k and 10k training steps. Due to the higher difficulty of
the three-bowl and four-bowl] settings and our limited real-robot evaluation budget, preliminary runs
showed very low success rates on these settings. Therefore, we restrict the real-robot evaluation to
the two-bowl setting, where each rollout requires one bowl to be placed into the target bowl.

Evaluation protocol. For each method, we conduct 12 real-robot rollouts under the two-bowl setting.
Success is measured by the degree of proper nesting in the final bowl configuration. For each rollout,
we assign a nesting score s € [0, 1] according to the following rubric:

* 5 = 0.0 (failure): the stacking action is not completed within 30 seconds, such as when the bowl
is not grasped or the robot does not attempt insertion.

* s = 0.5 (partial success): the robot attempts to insert the bowl, but the placed bowl slips out of
the target bowl or is placed immediately next to the target bowl.

* 5 = 1.0 (full success): the robot successfully places the bowl inside the target bowl.

The final score of each method is computed as the average nesting score over 12 rollouts. We report
this value as the soft success rate, where partial placements receive half credit.

Rollout visualization. Figure 6| shows representative real-robot rollout records under the two-bowl
evaluation setting. These examples include different execution outcomes and illustrate how the final
nesting score is assigned based on the resulting bowl configuration.
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Table 10: Real-robot experimental setup on the JAKA stack-bowls task.

Item Description

Robot platform JAKA robot, single arm

Scene Tabletop stack-bowls task

Training data 50 human teleoperated demonstrations
Demonstration settings ~ Two-bowl, three-bowl, and four-bowl scenes
Evaluation setting Two-bowl scene only

Rollouts per method 12 rollouts

Metric Soft success rate

H Reward Modeling Cases

Zero-shot cases. We first evaluate ProcVLM in a fully zero-shot setting on multiple tasks from
RoboMIND and RoboTwin. As shown in Figure[7] ProcVLM can identify the current action stage,
reason about remaining steps, and produce task-conditioned progress feedback without task-specific
demonstrations or reward-model adaptation. These cases illustrate the transferable progress perception
learned from procedure-aware pretraining.

Zero-shot reward editing. We finally present a zero-shot reward editing case on a RoboMIND
pick-and-place task. As shown in Figure[8] ProcVLM is applied to the same video under two task
instructions: “put the apple into the basket” and “put the apple into the basket and move the basket to
the upper corner.” The resulting reward curves change with the edited task description, showing that
ProcVLM grounds reward prediction in task-conditioned subtask structure rather than only superficial
visual progress.

One-shot adaptation cases. We further evaluate ProcVLM under a one-shot adaptation setting,
where only one successful demonstration is used for LoORA tuning in each scenario. As shown
in Figures [0} [T0] [T1] and [T2] ProcVLM quickly adapts to RoboMIND and RoboFAC scenarios
containing successful, failed, and retry executions, providing meaningful progress feedback beyond
the demonstrated success trajectory.
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RFT, 5k training steps, partial success.

RFT, 5k training steps, full success.

SFT, 10k training steps, full success.

RFT, 10k training steps, partial success.

RFT, 10k training steps, full success.

Figure 6: Representative real-robot rollout records on the JAKA tabletop stack-bowls task. We show
examples from SFT and RFT policies at both 5k and 10k training steps. Each method is evaluated
with 12 rollouts under the two-bowl setting, and the final score is computed from the nesting quality
of the placed bowl.
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Figure 7: Zero-shot reward modeling cases on RoboMIND and RoboTwin. ProcVLM provides task-
conditioned progress feedback across different manipulation tasks without task-specific adaptation.

P e e FLE A CSC e

Grasp the apple and place it into the basket

Progress (%)

o 5 10
Time (s)

Original reward: put the apple into the basket

Progress (%)

Grasp the apple and place it into the basket Adjust the basket after placenent

w

o 5 0 15

Tine (s)
Edited reward: put the apple into the basket and move the basket to the upper comer

Figure 8: Zero-shot reward editing on the same video sequence. Left: reward for “put the apple into
the basket.” Right: edited reward for “put the apple into the basket and move the basket to the upper

corner.”

Grasp the handle and close the oven door

~

z®

w60
g

S
4

£

o

o 2 4 6 8
Time (s)
Close the oven door (successful execution)
First attenpt to close the oven Door closing progress is lost Retry closing the oven door
after the first attempt successfully

100

o

P
¢

£ ow
2

< 2

o 2 4 6 8

Time (s)
Close the oven door (recovery after failed attempt)

Progress (%)

Progress (%)

Push the oven door toward the closed position Closing fails as contact is lost before the door settles

100

o 1 2 3 . s
Tine (s)
Close the oven door (failed execution)

First attempt to close the oven Door closing progress is lost

Retry closing the oven door
after the first attempt

successfully

J\V\/ﬂ

0 2 4 6 s
Time (s)
Close the oven door (successful retry)

Figure 9: One-shot adaptation case for a close-oven task. ProcVLM adapts from one successful
demonstration and evaluates different execution outcomes, including failures and retry-based recover-

1€8.

33



T L [ e ST [ et |
PRTISITOY e ¥ ¥ S S

Grasp and Lift the cylinder toward the shelf The cylinder falls instead of being inserted

o
P
@
o
£ ow
2
< 2

o

o 2 4 6 8
Time (s)
Insert the cylinder (cylinder falls during insertion)
L 2 o7 P o P a7
g Al g Al ;.’d ’N ,‘94 g | "hl
the arn hovers near the cylinder without completing insertion

100
F
P
g
£ o
4
&

0 2 4 6 8

Time (s)
Insert the cylinder (idle, no insertion)

Progress (%)

Progress (%)

e

Attenpt to grasp the cylinder but fail to secure it ROEIEED G0 GUTE GG GrNE

100

Tis
Insert the cylinder (failed grasp)

L R L R, [ ka2 IR |
A 4 d d 4 d 2

Grasp, align, and insert the cylinder

0 1 2 3 a 5

Time (s)
Insert the cylinder (successful execution)

Figure 10: One-shot adaptation case for an insert-cylinder task. ProcVLM transfers the demonstrated
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