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Abstract

Reinforcement learning (RL) offers a general route for robots to learn to solve tasks
from their own experience. However, designing the reward that guides this learning
remains a bottleneck. Recent work therefore replaces hand-crafted reward functions
with reward models fine-tuned from vision-language models (VLMs) on large
robotic datasets, reporting strong prediction accuracy on offline benchmarks. Yet
whether this accuracy carries over to successful RL training remains underexplored.
We identify two gaps shared by most VLM reward models. First, the annotated
robot data these models train on mostly contain successful behavior, which leaves
them poorly equipped to judge the failures produced by a policy being optimized.
Second, most models penalize over- and under-prediction of the reward equally,
although false positives are the main cause of reward hacking, which poses a
severe problem for downstream RL. We introduce RoboRef to close these gaps. To
train RoboRef, we re-curate RBM-1M, a large-scale robot reward dataset, densely
annotating its failures and adding new ones so that the model learns to score the
failures it might encounter during RL. Furthermore, we introduce an asymmetric
loss that penalizes over-prediction more harshly than under-prediction, yielding
conservative rewards that are harder for a policy to exploit. We evaluate on offline
metrics and downstream RL across three simulated benchmarks and two real-world
manipulation tasks. We observe that the models that lead on offline benchmarks
can fail to train a policy at all. RoboRef trains competent policies where these
baselines never learn and delivers the strongest downstream performance, making
it, to our knowledge, the state-of-the-art VLM reward model for robot RL.

1 Introduction

Reinforcement learning (RL) offers a principled framework for teaching robots to act through trial
and error. However, it requires a reward function that ideally specifies not only what the robot
should achieve, but also how to get there [2]. For robot learning, designing this signal by hand is
laborious and brittle. Dense, shaped rewards require task-specific engineering [3, 4] and privileged
state information such as object poses or goal distances, which must be estimated outside simulation
and can introduce perception errors into the reward. Sparse success rewards are easier to specify but
hard to optimize [5, 6]. In both cases, a reward designed for one task rarely transfers to another, so
every new task reopens the same engineering problem.

Pre-trained vision-language models (VLMs) have recently shown broad visual and semantic under-
standing that transfers across domains with little task-specific tuning [7–10]. This success, together
with progress in automated reward engineering [11], raises a natural question: can VLMs provide
meaningful rewards and resolve the reward-definition bottleneck in robot RL?
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Figure 1: RoboRef builds on the internet-scale pre-training of Robometer [1] (left), adds post-training
on more demonstrations and failures with dense per-frame labels (middle: a failed episode, “Put
the banana on the red plate”, with the scores our pipeline assigns), and trains with an asymmetric
loss that damps under-estimation but not over-estimation (right). At inference, RoboRef predicts
per-frame success ŝt and progress p̂t, either of which can serve as the reward for RL.

Several recent works fine-tune VLMs into exactly such reward models [12, 13, 1, 14, 15]. All of
these models report strong offline reward-quality metrics. However, whether the released models
produce rewards that work inside an RL loop is rarely established reproducibly, since real-world
setups are hard to compare across laboratories and the simulated evaluations that exist mostly adapt
the reward to the target domain first (Sec. 2). Strong offline metrics alone do not guarantee that a
reward model can train a policy.

Our experiments confirm this: VLM reward models that score well on offline reward prediction can
fail completely to train a policy. We argue that current training strategies may serve offline metrics
while hindering deployment in downstream RL, for two reasons.

First, failures are underrepresented in reward-model training. Robometer [1], among the strongest
VLM reward models and trained on over a million robot trajectories, supervises its reward predictions
only on successful trajectories. Other approaches train only on expert demonstrations [12] or
manufacture negatives by modifying successful videos [13, 14]. None assembles a large corpus of
failed robot behavior carrying dense, per-frame progress labels. Thus, failures are largely missing
from the data that supervises these reward predictions, and rating failed behavior lies outside the
models’ training distributions. Yet failures are exactly what an optimizing policy produces, especially
early in training, when the reward matters most.

Second, VLM reward models are trained with symmetric objectives: over- and under-prediction
count as equal errors [1, 13–15]. However, under an optimizing policy, the two errors are not equally
harmful [16]. A false positive plants a spurious goal that the policy will exploit, the failure mode
known as reward hacking. A false negative, on the other hand, only slows learning. A symmetric
objective is a sensible choice for offline accuracy, but not necessarily for RL.

We introduce RoboRef, a VLM reward model built for RL that addresses both gaps (Fig. 1). First,
to bring failures into the training distribution, we train RoboRef on RBM-1M+, our re-curation of
Robometer’s training corpus RBM-1M, extended by simulated and real-world failures that carry
progress labels for each frame. Second, we replace the usual symmetric loss with an asymmetric loss
that penalizes over-prediction more heavily, making the model conservative and harder to exploit.

Our contributions are:

• RoboRef, a conservative VLM reward model initialized from Robometer and trained on
annotated successes and failures with an asymmetric objective that penalizes over-prediction
more.

• RBM-1M+, a re-curation of RBM-1M with 116,786 densely labeled failure trajectories, to our
knowledge the first training corpus at scale whose failures carry per-frame progress.

• An evaluation across offline metrics and downstream RL on simulated benchmarks and two
real-robot tasks, with every reward model queried zero-shot, showing that offline reward quality
does not necessarily predict RL performance and that RoboRef performs best downstream.
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Table 1: Foundation reward models for robot learning, as reported in their own papers. Frozen
RL: in the RL setup its authors propose, the released model trains a policy without fine-tuning on the
target task or a ground-truth reward. Modified: failures synthesized from successful demonstrations
(e.g. relabeling, rewinding, image editing, trimming). Frozen RL

Model Backbone Data Reward Failures in training Sim Real

Robometer Qwen3-VL 4B 1M traj. progress, success ● real (preference head only), modified ✗ ✓

RoboReward Qwen3-VL 4/8B 45k ep. progress ● real (episode-level labels), modified ✗ ✓

Robo-Dopamine RoboBrain2.0 3/8B 100k traj. progress ● modified ✗ ✗

Robo-Dopamine 2.0 Qwen3-VL 8B 400k pairs progress ● modified ✗ ✗

LRM Qwen3-VL 8B 24 sources progress, success ● none ✓ ✗

RoboRef (ours) Qwen3-VL 4B 649k clips progress, success ● real + sim (dense per-frame), modified ✓ ✓

Code, model weights, and RBM-1M+ will be released at https://roboref-reward.github.io.

2 Related Work

Reward modeling. A long line of work learns the reward from data instead of writing it by hand.
Inverse RL recovers a reward from expert demonstrations [17, 18], and later methods learn dense
rewards from passive, action-free videos [19–21]. A second strand learns from human preferences
over pairs of trajectories [22], an idea later applied to LLMs as RL from human feedback (RLHF)
[23]. More recently, pre-trained foundation models have themselves become the source of feedback,
either by scoring observations zero-shot [24, 25] or by supplying preferences [26, 27].

Vision-language reward models for robotics. Our most direct precursors fine-tune VLMs to score
a video of a robot attempting a language-specified task. They differ in the rewards they predict and in
how failures enter training (see Tab. 1). Importantly, evidence that these models train policies without
task-specific fine-tuning or ground-truth reward is thin. Robometer [1], from which we initialize
RoboRef, predicts per-frame progress and success. Real failures enter its training only through an aux-
iliary preference loss that ranks pairs of trajectories. RoboReward [13] scores entire episodes with a
discrete reward from 1 to 5. It draws its negatives mostly from simple modifications of successes, such
as clipping or relabeling. Both Robometer and RoboReward evaluate their released models in RL only
on real robots, which are hard to compare across labs, and use separately trained in-domain models
in simulation. Robo-Dopamine [12] predicts progress toward a goal image and trains only on expert
demonstrations. For RL, it is adapted to each new task from a demonstration. Its successor Robo-
Dopamine 2.0 [14] synthesizes failures by editing successes and is used in RL only alongside a ground-
truth task reward. LRM [15] provides dense progress and completion rewards. It is the exception that
demonstrates simulated RL with its frozen model, but in the real world it uses its reward only to filter
rollouts. Trained on RBM-1M+, RoboRef is, to our knowledge, the first VLM reward model to super-
vise its reward predictions on failed attempts with dense per-frame progress labels. It also replaces
the symmetric training objective these models share with one that penalizes over-prediction more.

Learning from failures. Most robot learning relies on successful data, and failure, when used at all,
is something to detect or correct. RoboFAC [28] annotates failed trajectories with question-answer
pairs for analysis and correction. FailSafe [29] generates failures with recovery actions. π0.7 [30]
conditions a policy on hand-labeled mistakes. All three capture whether and why an attempt failed,
but a reward must score how far it progressed.

Reward hacking. Optimizing a policy against a learned reward invites reward hacking, where the
policy exploits errors in the reward instead of solving the task [31, 32]. In RLHF, true performance
degrades past a certain point even as the proxy reward keeps climbing [33]. For VLM reward models,
false positives mislead an optimizing policy far more than false negatives [16], which motivates our
asymmetric objective.
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3 RoboRef

RoboRef is a foundation reward model for robot RL, built on the pre-trained Robometer [1] (Sec. 3.1).
To teach it to judge the failures an optimizing policy produces, we train it on RBM-1M+, which adds
dense per-frame progress labels to over 100k curated failure trajectories (Sec. 3.2). Its asymmetric
objective penalizes reward over-estimation more heavily, making it harder for a policy to exploit
(Sec. 3.3). Section 3.4 describes further model details and the training setup.

3.1 Preliminaries: Robometer

Robometer fine-tunes Qwen3-VL-4B-Instruct [34] to score a trajectory given as T=8 evenly sampled
frames and a task description. A learned token follows each frame. Because the backbone is causally
masked, the hidden state at the t-th token summarizes the trajectory up to frame t, so all per-frame
predictions come from a single forward pass. Two heads read these states and predict the rewards
a policy optimizes. The progress head predicts a distribution p̂t over discretized progress bins on
[0, 1]. The success head predicts the probability ŝt that the task is complete. A third preference
head judges which of two attempts at a task is better through a ranking loss. Training minimizes
L = Lprog + Lsucc + Lpref on RBM-1M, roughly one million trajectories across twenty-one
embodiments. The progress and success heads are supervised only on successful trajectories, where
frame t receives progress t/T , and on modifications of them such as rewound clips. Real failures
enter training solely through the preference head, as the trajectory comparison includes unsuccessful
attempts. The progress and success losses penalize over- and under-prediction equally.

3.2 RBM-1M+: A failure-annotated dataset

The success head is easy to supervise on failures, since a failed attempt is incomplete at every frame.
The progress head is not, since a failure does not advance steadily and its progress cannot be read off
the frame index. We therefore score every failure frame on the discrete rubric d ∈ {1, . . . , 5} that
RoboReward-4B [13] uses to rank whole trajectories, mapped to progress p = (d− 1)/4. Since a
genuine failure never completes the task, d ≤ 4 and p never reaches 1. Three routes produce these
scores depending on the data source.

(i) Simulator state. We generate failures in the simulated robot manipulation suites MetaWorld
[3] and FailSafe [29]. Here, progress comes straight from privileged state. A scripted expert runs
to a task-specific injection point, then switches to a noise mode that induces a particular failure, such
as dropping a grasped object or stalling a mechanism. We keep the episode only if a state-based
detector confirms it ended at the target score (examples in Fig. 7 and App. B).

(ii) A two-stage VLM–LLM pipeline. For failures we have only as video, i.e., the real-world clips
already in RBM-1M or real-world failures we enrich the dataset with such as DROID [35] failures, a
VLM describes each frame, naming the task-relevant objects, their state, and what the gripper is doing.
An LLM, which never sees pixels, then walks the clip in order and returns a rubric level for each
frame, reading its description together with all earlier descriptions and scores. Separating description
from scoring proved substantially more reliable than asking a single model to watch the whole video
and output a number, which led to frequent hallucinations and fabricated task progress (App. C.3).
Figure 2 unrolls the pipeline over one example episode of DROID. More details are in Appendix C.

(iii) Monotone ramps. RoboReward [13] supplies partial executions, i.e., truncations of successful
behavior. Their progress climbs steadily, so no model is needed to score them. We spread the clip’s
own score p evenly across its frames, rising from 0 at the first frame to p at the last.

The rubric scores of routes (i) and (ii) still form a staircase over 0, 0.25, 0.5 and 0.75, whereas
successes keep Robometer’s smooth t/T ramp. To prevent the model from separating failures from
successes by shape alone, we interpolate each failure’s progress linearly between the frames where
its level changes, so that failures and successes share one continuous target on [0, 1].

The resulting corpus holds 648,714 per-frame labeled clips, 116,786 of them failures (dataset break-
down in App. A). The failures Robometer already held become direct training signal for both reward
heads for the first time. We generate 24,402 MetaWorld and 2,098 FailSafe failures ourselves and
add 5,503 failed DROID episodes, a source RBM-1M carried only as expert demonstrations.
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Stage 1 — describe
Qwen3.5-VL-35B-A3B
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Output: one description per
frame.

· · ·

frame 2 frame 7 frame 8 F

VLM output

Objects: three cups on the table. Grip-
per: empty, above the table. Progress:
no cups stacked yet.

Objects: the cups, now stacked. Grip-
per: on the top cup. Progress: the
stack is briefly complete.

Objects: the cups, scattered on the
table again. Gripper: empty. Progress:
the stack has toppled; the attempt fails.
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reads each description with all
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Output: a 1–4 score per frame.

LLM output

score

1

score

4

score
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Figure 2: Our two-stage labeling pipeline for real-world failures, shown on three of eight sampled
frames from a failed DROID attempt to stack three cups. A VLM describes each frame in isolation.
An LLM grades each frame on a 1–4 progress rubric, reading its description together with all earlier
ones. The score reaches 4 once the cups are stacked and falls back to 1 when the stack topples.

3.3 An asymmetric objective

Robometer’s progress and success losses penalize over- and under-prediction equally, i.e., errors
where the predicted reward lies above or below its target. Under RL, the two errors are not equally
harmful. A reward over-prediction gives the policy more reward than it has actually accomplished,
enabling reward hacking. Reward under-prediction only slows learning. We therefore keep both
losses but scale the loss on under-predicted frames by a factor λ < 1. On the progress head, a frame
is over-predicted when the predicted mean p̄t =

∑
i p̂t,ici over the bin centers ci exceeds the target

pt, and we weight its C51 cross-entropy [36] by wt,

Lprog =
1

T

T∑
t=1

wt CE
(
Proj(pt), p̂t

)
, wt =

{
1, p̄t > pt,

λ, p̄t ≤ pt,
(1)

where wt is computed without gradient. On the success head over-prediction means calling an
incomplete frame successful. Frames that do not depict success, with st = 0, keep full weight, and
frames that show success, with st = 1, are damped by λ,

Lsucc =
1

|N |
∑
t∈N

BCE
(
0, ŝt

)
+ λ

1

|P|
∑
t∈P

BCE
(
1, ŝt

)
, (2)

with N = {t : st = 0} and P = {t : st = 1}. Missing a true success for a frame in P now costs less
than falsely claiming success for a frame in N . This encourages the model to only predict success
when it is confident. We use λ = 0.3 on both heads. With λ = 1, the loss is symmetric.

3.4 Model details and training

RoboRef is initialized from Robometer-4B, and we fine-tune all parameters except the frozen vision
encoder. We make two further changes to the model. First, we drop the preference head. Its main
role in Robometer is to let failures without progress labels contribute to training. Since every failure
in our corpus now carries dense labels, these failures supervise the reward heads directly, and our
objective reduces to L = Lprog + Lsucc. Second, we sample T=16 frames per clip instead of eight,
since judging a failure requires locating the frame where the attempt goes wrong. In an ablation, this
helps on data sources whose failures are hard to score (Tab. 11). App. D gives more training details.

To isolate the effect of the asymmetric loss, we train a second model, Robometer-4B + Failures,
identical to RoboRef except that it uses the symmetric loss (λ = 1).

4 Experiments

We compare RoboRef against four state-of-the-art VLM-based reward models, Robometer-4B [1],
from which RoboRef is fine-tuned, RoboReward-4B [13], Robo-Dopamine 2.0 [14], and LRM-
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Figure 3: Downstream RL on held-out simulated tasks. Mean ground-truth success over five seeds,
with the shaded area showing standard error. (a) ManiSkill PullCube-v1, SAC with dense rewards.
(b, c) MetaWorld Coffee-Push and Box-Close, IBRL with sparse success rewards.

8B [15]. As a control, Robometer-4B + Failures (Sec. 3.4) is trained on the same data as RoboRef
but with the symmetric loss, which separates our two contributions. Every reward model is frozen
and queried zero-shot. We evaluate these models to answer four questions.

1. Does RoboRef train better RL policies in simulation than existing models? Yes, it trains the
strongest policy on every task, including ones where no baseline learns at all (Sec. 4.1).

2. What makes a VLM reward model succeed or fail under RL optimization? False-positive
rewards cause failures in RL, which RoboRef substantially reduces (Sec. 4.2).

3. Do offline metrics predict RL success? No, in our experiments the offline benchmark leaders
train the weakest policy, and RoboRef, not built for offline metrics, trains the strongest (Sec. 4.3).

4. Does RoboRef enable RL on a real robot? Yes, it outperforms Robometer on two real-world
manipulation tasks (Sec. 4.4).

4.1 Downstream RL in simulated tasks

Since simulated RL is reproducible across laboratories, we compare all reward models here first.
We test both reward forms our models provide: a dense per-step reward from the progress head
and a sparse binary reward from the success head. We evaluate on ManiSkill PullCube-v1 and
MetaWorld Coffee-Push and Box-Close. All three tasks are held out from RBM-1M+, although
both simulators appear in it. We report ground-truth task success on separate evaluation episodes.
Baselines run in the setups their authors intend, with their richest inputs and native reward forms.
In particular, Robo-Dopamine 2.0 [14] receives a goal image and three camera views, while all other
models read a single third-person view. App. E.3 gives the full protocol.

Dense reward. We train SAC [37] from scratch on ManiSkill PullCube-v1, with the progress
head as a dense per-step reward. RoboRef clearly leads with a mean success of 0.37 (Fig. 3a). Apart
from Robo-Dopamine 2.0 at 0.06, all other models, including Robometer-4B + Failures, end at or
below 0.03. The wide bands reflect instability across seeds.

Sparse reward. In MetaWorld we use image-based IBRL [6], an RL algorithm for sparse rewards
that initializes policy learning from demonstrations. On Coffee-Push and Box-Close, no baseline
exceeds 0.13. Failure data alone raises Robometer-4B from 0.00 and 0.09 to 0.15 and 0.38. With
the asymmetric loss on top, RoboRef reaches 0.62 and 0.88.

Across algorithms and reward types, only RoboRef trains a competent policy on these tasks.
Robometer-4B + Failures, trained on the same data, improves on Robometer-4B but trails RoboRef,
so our dataset alone does not explain the gap. We investigate what makes the difference next.

4.2 What makes a reward model work for RL?

To understand why most VLM reward models fail to train a policy, we examine the reward each
model assigns to the states its own policy visits in ManiSkill. We log every reward prediction of the
training runs in Fig. 3a together with the ground-truth success, about 1.5M steps per model.
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Figure 4: Example reward predictions of RoboRef and Robometer-4B on a failed (a) and a
successful (b) ManiSkill PullCube-v1 episode. Top: predicted progress ∈ [0, 1]. Bottom: success,
held at 1 after the first detection. Gray: steps the simulator marks as solved.

Table 2: On-policy rewards on Man-
iSkill PullCube-v1, 1.5M steps per
model. r̄fail: mean reward in failed
episodes. AUROC: successful vs. un-
successful steps.

Model r̄fail ↓ AUROC↑

Robometer-4B 0.72 0.43

Robo-Dopamine 2.0 0.59 0.78

RoboReward-4B 0.25 0.56

LRM-8B 0.63 0.64

Constant – 0.50

Robometer + Failures 0.24 0.66

RoboRef (ours) 0.10 0.92

RoboRef rarely rewards failure. Fig. 4 compares the re-
ward predictions of RoboRef and Robometer-4B on the same
two episodes. In the failed episode (Fig. 4a), RoboRef keeps
progress near zero and never detects success. In the success-
ful episode (Fig. 4b), its progress stays conservative but rises,
and it detects success only once the task is solved. Robometer-
4B’s predictions look nearly identical in both episodes, with
progress near 0.9 throughout and success detected within a
few steps. Across all failed episodes, RoboRef predicts a
mean reward of r̄fail = 0.10. In contrast, most baselines pre-
dict a high reward (Tab. 2) almost from the start of an episode
(Fig. 12), which a policy can collect without ever solving the
task. A low reward on failures is necessary (App. G.3), but
not sufficient: RoboReward-4B assigns only 0.25 to failures,
yet barely separates success from failure (AUROC 0.56, Tab. 2). RoboRef ranks successful steps
above unsuccessful ones more reliably than any baseline (AUROC 0.92). App. G.2 gives further
analyses.

Failure data and the asymmetric objective both contribute. Training Robometer-4B on
RBM-1M+ cuts the reward on failed episodes from 0.72 to 0.24 and lifts AUROC from below chance
(0.43) to 0.66. With identical data, the asymmetric objective lowers the failure reward further to
0.10 and raises AUROC to 0.92. Both ingredients lower the reward on failures and decrease the
false positives a policy can exploit.

4.3 How does RoboRef perform on offline benchmarks?

Foundation reward models for robotics are usually validated the way perception models are, by predic-
tion error on fixed datasets [13, 1]. In such benchmarks, models score robot trajectories, many of them
successes or modified successes, and over- and under-prediction cost the same. Online RL is different.
The reward is queried on the states the policy visits, which early in training are mostly failures. The pol-
icy seeks out states with high reward, so overestimated states are revisited and over-prediction is am-
plified, while under-prediction is not (Sec. 4.2). We therefore ask whether the two evaluations agree.

RoboRewardBench. RoboRewardBench [13] is an offline benchmark for foundation reward
models in robotics. It labels more than 2k real-robot episodes on a five-level scale and measures
prediction quality by Mean Absolute Error (MAE). RoboRef performs on par with most baselines
but trails Robometer-4B and RoboReward-4B (Tab. 3). RoboReward-4B leads on every accuracy
metric. Yet it trains no competent policy on any task we evaluated. RoboRef’s mistakes are mostly
under-predictions: it rates 1.3% of the episodes that fall short of the goal as near-complete or
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Table 3: Offline accuracy vs. RL success. The two
most accurate models on RoboRewardBench (RRB)
train the two weakest policies. MAE rescaled to [0, 1].
Can: Robomimic PickPlace-Can (demonstrations as
offline data). r̄fail: mean raw reward on RRB failures.
RL: mean final success rate.

Offline accuracy Failures RL success

RRB Can RRB Can 4 tasks
Model MAE↓ Rank↑ MAE↓ r̄fail↓ Final↑ Mean↑

Robometer-4B 0.97 0.80 0.08 0.50 0.00 0.02

Robo-Dopamine 2.0 1.34 0.60 0.11 0.22 0.33 0.16

RoboReward-4B 0.41 0.86 0.21 0.34 0.00 0.01

LRM-8B 1.06 0.70 0.14 0.29 0.20 0.07

Constant 1.24 0.50 – – – –

Robometer + Failures 1.06 0.72 0.06 0.37 0.00 0.14

RoboRef (ours) 1.07 0.72 0.17 0.18 0.64 0.63
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Figure 5: RL on PickPlace-Can. Mean
ground-truth success of IBRL over three
seeds, with standard error.

complete (score ≥ 4), where the other models rate 7–24%. RoboRef also predicts the lowest reward
on non-successful episodes (r̄fail = 0.18). However, it misses 19% of true successes, twice the rate
of Robometer-4B. App. G.1 gives a detailed breakdown.

Robomimic. Robomimic PickPlace-Can appears in no model’s training data. We use the demon-
strations from IBRL [6] as offline data and score each model’s progress predictions against the frame
order. RoboRef stands out neither by MAE (Tab. 3) nor by any other metric we compute (App. G.1).
In RL with IBRL, however, it leads by a wide margin, reaching a final success rate of 0.64 against at
most 0.33 for any baseline (Fig. 5). Robometer-4B, among the most accurate models offline, stays at
zero task success. Comparing RoboRef with its control explains the gap. Robometer + Failures fits
the labels best (0.06 MAE), but its policy first improves and then collapses. RoboRef, trained on the
same data with the asymmetric loss, fits them worse (0.17 MAE) but trains the strongest policy.

Offline accuracy and RL. Lee et al. [13] found that offline accuracy predicts RL success for
checkpoints of one model. Across six zero-shot models we find the opposite. Averaged across all
four simulated tasks, RoboRef reaches a final success rate of 0.63, while RoboReward-4B, the most
accurate model on RoboRewardBench, reaches 0.01. On RoboRewardBench, offline accuracy and
RL success rank the six models in nearly reverse order (Tab. 3; Kendall τ = −0.87, p = 0.017).
No accuracy metric we compute shows a clear positive correlation (App. G.1). The offline quantity
that tracks RL success most closely is the reward a model gives to non-successful episodes (r̄fail
in Tab. 3). The less of it, the better the policy (τ = 0.60). This is the over-prediction that RoboRef is
designed to suppress. Here, selecting by benchmark accuracy would pick the weakest reward for RL.

4.4 Real-world RL

We test whether RoboRef enables real-world RL on a Franka FR3 without a hand-designed
reward. We train policies with RLPD [38], off-policy SAC bootstrapped from a few teleoperated
demonstrations, using the RLInf implementation [39]. The reward at each step sums the model’s
progress and success predictions (Eq. 3). We compare against Robometer-4B, from which RoboRef
is initialized. The two runs of each task differ only in which model produces the rewards, including
for relabeling the demonstrations. App. F.1 describes the full setup.

Tasks. In Pick-Zucchini, the robot must pick up a zucchini lying on the table in front of it. In
Close-Pot-Lid, it starts with a lid in its gripper and must place it on a pot. To keep training within a
feasible wall-clock budget, the policy only moves the arm. Closing the gripper and lifting the zucchini,
or opening it to release the lid, is scripted and happens upon episode termination, detected by the
success head or a time-out (details in App. F.1). Despite the reduced action space, Close-Pot-Lid
is challenging, as a lid released slightly misaligned or from too high falls off the pot. Ground-truth
success is measured independently of the reward model (App. F.1).
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Figure 6: Real-world RL on a Franka FR3. Gaussian-smoothed (σ = 3) ground-truth training
success rate with a 20-episode trailing average. Ticks below each plot mark solved episodes. (a)
Pick-Zucchini. (b) Close-Pot-Lid. Evaluation success rates are in Tab. 4.

Results. On Pick-Zucchini, both models train a competent policy, with RoboRef slightly ahead
at the end of training (Fig. 6a). The gap widens under frozen evaluation, where RoboRef suc-
ceeds in 80% of episodes against 53% for Robometer-4B (Tab. 4). On the more challenging
Close-Pot-Lid task, only RoboRef learns to solve the task (Fig. 6b). Both runs start with oc-
casional successes, but RoboRef improves on them and ends training with a high success rate.

Table 4: Frozen-policy evaluation, suc-
cess over 30 deterministic episodes.

Model Zucchini Pot lid

Robometer-4B 53% 0%

RoboRef (ours) 80% 90%

Qualitatively, we observe frequent false-positive success
detections by Robometer-4B, which release the lid before
it is seated (Fig. 14), the same failure mode we identified in
simulation (Sec. 4.2). Under frozen evaluation, RoboRef
seats the lid in 90% of episodes, while Robometer-4B
succeeds in none (Tab. 4).

5 Conclusion

We introduced RoboRef, a foundation reward model for robot RL that (1) learns from RBM-1M+,
our large-scale robotics dataset with densely annotated failures, and (2) is trained with an asymmetric
objective that penalizes reward over-estimation. Queried frozen and zero-shot, RoboRef trains the
strongest policy on every task we consider, across three RL algorithms, dense and sparse rewards,
and simulated as well as real-world manipulation. To our knowledge, this makes RoboRef the state
of the art among VLM reward models for robot RL.

Failure data and the asymmetric objective are both needed for RL: the former teaches the model
to recognize failure, the latter biases its errors toward under-prediction. Both, however, are partially
at odds with standard offline reward benchmarks, which contain many successful episodes and score
predictions by symmetric accuracy. In our experiments, the models that fit offline labels best train
the weakest policies. A reward model should therefore be judged by the policies it trains, not only by
the accuracy of its predictions. We will release RoboRef, RBM-1M+, and our code to support this.

Limitations and future work. RoboRef’s conservatism has a cost: it misses more true successes
than its baselines, which can slow learning, although we did not observe this. The real-world failure
labels in RBM-1M+ are imperfect and inherit noise from the VLM–LLM labeling pipeline (Fig. 8).
RoboRef reads a single camera view and, like other VLM reward models, is sensitive to occlusion.
In ManiSkill, for example, its predicted progress dips when the gripper occludes the cube (Fig. 4b,
steps 12–20), which may contribute to the variance across seeds. Multiple camera views, as used by
Robo-Dopamine 2.0, could make RoboRef more robust to occlusion. Finally, a frozen reward model
cannot correct its errors in a new setting. Letting it adapt online, for instance through in-context
learning [40] on a few rollouts, is another promising direction.
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A RBM-1M+

This appendix expands Section 3.2. Table 5 gives the composition of the training corpus at the level
the main text needs, Table 6 breaks the same corpus down to one row per upstream source, and
Table 7 says where every dense per-frame failure label comes from. Every count describes the corpus
of 648,714 rows, where one row is one episode rendered from a single camera view. Every successful
trajectory, whatever its source, uses Robometer’s t/T heuristic, so all 531,928 successes share one
labeling route and the 116,786 failures are where the work is.

Table 5: Composition of the training corpus. One row is one clip from one camera view. Labels:
source of the dense per-frame failure targets. All successes use the t/T heuristic.

Source Labels Failures Successes

Robometer expert demos – 0 490,798

Robometer mixed archives VLM+LLM 68,923 26,029

MetaWorld (ours) simulator 24,402 1,850

FailSafe (ours) simulator 2,098 75

DROID (ours) VLM+LLM 5,503 5,863

RoboReward partials (ours) ramp to score 15,860 7,313

Total 116,786 531,928

Table 6: Per-source composition of the training corpus. Counts are clips, one per camera view. Small
sources are grouped into “other” rows. Totals match Table 5.

Source Failures Successes Total

Expert demonstrations retained from RBM-1M
DROID [35] 0 149,804 149,804

RT-1 (Fractal) [41] 0 87,204 87,204

Bridge V2 [41] 0 83,023 83,023

Language Table [41] 0 50,000 50,000

BC-Z [41] 0 39,344 39,344

RoboSet [41] 0 36,480 36,480

RH20T [42] 0 15,744 15,744

MolmoAct [43] 0 15,324 15,324

Other Open X-Embodiment [41] 0 13,875 13,875

Mixed-expertise archives retained from RBM-1M
RACER [44] 29,211 7,131 36,342

RoboArena [45] 17,510 2,635 20,145

SOAR [46] 11,999 4,797 16,796

LIBERO [47] 6,241 5,659 11,900

AutoEval [48] 3,721 4,946 8,667

Other retained archives 241 861 1,102

Added or replaced by us
MetaWorld [3] (added, sim.) 24,402 1,850 26,252

RoboReward partials [13] (replaced) 15,860 7,313 23,173

DROID failures (added) 5,503 5,863 11,366

FailSafe [29] (replaced, sim.) 2,098 75 2,173

Total 116,786 531,928 648,714

The retained expert demonstrations are the largest part and come almost entirely from Open X-
Embodiment sources [41] carried over from RBM-1M, with DROID, RT-1 and Bridge the three
biggest. The retained mixed-expertise archives are the smaller corpora that actually carry failures,
chief among them RACER, RoboArena and SOAR. Below them sit the sources we add or replace
ourselves.
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Table 7: Origin of the dense per-frame failure labels. All 531,928 successes use the t/T heuristic and
are omitted.

Label route Sources Failures

Simulator ground truth MetaWorld, FailSafe 26,500

VLM+LLM pipeline DROID, RACER, RoboArena, SOAR, LIBERO, AutoE-
val, other retained archives

74,426

Ramp to clip score RoboReward partials 15,860

Total 116,786
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(a) FailSafe–stack: a cube is grasped, carried, then dropped. The score climbs to 3 and falls back to 1.
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(b) MetaWorld pick-place: a puck is dropped close to the goal. The score reaches 4 and drops to 3.

Figure 7: Dense, non-monotonic failure labels from simulation. Each strip shows eight keyframes of
a failed attempt, and the curve beneath plots the per-frame progress score read from the simulator. In
both cases the score rises as the arm makes progress and then regresses when the object is dropped.

B Simulated Failures

This appendix describes the failures we generate in simulation for RBM-1M+ (Section 3.2). Figure 7
shows two of them in full, eight keyframes of a failed attempt above the per-frame progress score read
from the simulator. In both, the score climbs while the arm makes progress and falls back when the
object is dropped, the non-monotonic shape that a t/T label cannot express. Appendix B.1 describes
how these failures are generated, and Appendix B.2 shows a larger sample.

B.1 Tasks and failure modes

Both simulated benchmarks generate failures by injecting a fault into a scripted policy, as described
in Section 3.2. The kind of failure that comes out depends on the task family and the target score.
Table 8 lists the nine noise modes we use in MetaWorld [3] and where each applies, and Table 9 lists
the tasks by family.

FailSafe [29] adds three ManiSkill [4] tasks, FailPickCube (lift a cube to a goal), FailPushCube
(push a cube to a goal), and FailStackCube (stack a red cube on a green one), scored on the same
one-to-five scale. Each task is driven by a scripted multi-stage planner, reach, grasp, lift, align, place,
and a fault is injected at a chosen stage. The stage sets the score, so a fault early in the plan yields a
low score and one at the last stage a near-complete score-4 failure. The injected fault fits the stage, a
grasp that is then released or frozen, a push that stalls or veers off, or a cube carried and dropped just
short of the target. Stacking is the only FailSafe task with a meaningful score 3, a cube grasped and
held or carried but not yet placed.
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Table 8: The nine MetaWorld noise modes and the family and score at which each is applied. Scores 1
and 2 use the same modes across every family; the higher scores are family-specific.

Mode Behavior Applied at

random fully random actions score 1 (all families)
wrong-direction a strong bias away from the goal score 1 (all); score 3 (grasp-and-move)
freeze the arm holds its position scores 2–4 (all families)
drop the gripper is forced open mid-transport score 3 (grasp-and-move)
late-drop the gripper is forced open near the goal score 4 (grasp-and-move)
misplace the expert action with a small offset near the goal score 4 (grasp-and-move, push-and-

sweep)
lift-away the arm lifts off and loses contact score 3 (push-and-sweep)
push-sideways the arm pushes perpendicular to the goal scores 3–4 (push-and-sweep)
partial-actuation the expert drives the mechanism most of the way,

then stalls
score 4 (mechanism, press)

Table 9: The 46 MetaWorld tasks by family, with the scores each family covers. Mechanism and
press tasks skip score 3, whose single actuation has no meaningful partial state.

Family Scores Tasks

Grasp-and-move 1–4 assembly, basketball, bin-picking, box-close, coffee-pull, hammer, hand-insert,
pick-out-of-hole, pick-place, pick-place-wall, shelf-place, stick-pull, stick-
push

Push-and-sweep 1–4 coffee-push, plate-slide, plate-slide-side, plate-slide-back, plate-slide-back-
side, push, push-wall, push-back, soccer, sweep, sweep-into

Mechanism 1, 2, 4 dial-turn, disassemble, door-open, door-close, door-lock, door-unlock, drawer-
open, drawer-close, faucet-open, faucet-close, handle-press, handle-press-side,
handle-pull, handle-pull-side, lever-pull, window-open, window-close

Press 1, 2, 4 button-press, button-press-wall, button-press-topdown, button-press-topdown-
wall, coffee-button

B.2 Examples

This section shows a sample of the failure trajectories we generate in simulation. Each example is a
short filmstrip of a single failed attempt, and the number above each frame is its ground-truth progress
score, read directly from the simulator state. The scores run from 1 (no progress) to 5 (success), so a
failed attempt never exceeds 4.

We group the examples by the score the attempt reaches, so each block illustrates what a given level
of partial progress looks like across different tasks and different ways of failing. The failure modes
the generator can use depend on how far the attempt gets. Early failures look like random flailing or
motion in the wrong direction, mid-progress failures hold an object and then freeze or push it the
wrong way, and near-complete failures grasp or place the object and then drop or misplace it at the
last moment. The scores follow the behavior, including downward when an object is dropped, which
is the property a monotone t/T label cannot capture.

B.2.1 Score 1: no meaningful progress

1 1 1 1 1 1 1 1

Window-close, random actions.
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1 1 1 1 1 1 1 1

Door-open, wanders off, never reaches the door.

1 1 1 1 1 1 1 1

Push, moves the wrong way.

1 1 1 1 1 1 1 1

Hammer, random actions.

B.2.2 Score 2: object approached but not engaged

2 2 2 2 2 2 2 2

Faucet-open, reaches then freezes.

1 1 1 1 2 2 2 2

Door-open, reaches then freezes.

1 1 1 2 2 2 2 2

Sweep-into, touches then freezes.

1 1 1 1 2 2 2 2

Drawer-open, reaches the handle but never grips it.
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B.2.3 Score 3: object engaged, partial progress

1 2 2 2 3 3 3 3

Basketball, grasps the ball but never lifts it to the hoop.

1 1 1 2 3 3 3 3

Pick-place, picks up the puck then drops it.

1 1 1 2 3 3 3 3

Push the puck to the goal, then slides it sideways instead.

1 1 1 2 3 3 2 2

Coffee-push, pushes partway then lifts away.

B.2.4 Score 4: near-complete but ultimately fails

1 1 2 3 4 3 3 3

Pick-place, grasps the puck and carries it close to the goal but ultimately drops it.

3 3 3 3 4 4 4 4

Box-close, nearly closes then misplaces.

1 2 2 3 4 4 4 4

Plate-slide, almost there then off-line.
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1 1 1 2 4 4 4 4

Button-press, almost presses then stops.

B.2.5 FailSafe (ManiSkill)
1 1 2 4 4 4 1 1

Pick, grasps and lifts then releases.

1 1 1 2 2 2 2 4

Push, pushes toward the goal then stalls.

1 1 2 2 3 3 1 1

Stack, carries the cube then drops it.

C VLM Labeling of Real-World Failures

These are the prompts behind the two-stage pipeline of Section 3.2, with the vision-language model
prompt in teal and the language model prompts in amber. The vision-language model sees the frame
prompt once per frame. For multi-object tasks the language model first runs the decomposition
prompt to turn the instruction into ordered sub-steps, then runs the grading prompt once per frame,
accumulating the earlier frame descriptions and its own previous score. Placeholders in braces are
filled in at run time.

C.1 Vision-language model

Frame description • Qwen3.5-VL-35B-A3B

Task: {task}

Look at this image and answer each question in 1 sentence. Do not guess intentions or say
what the robot is "about to do".

1. List the main objects relevant to the task and their state (up to 5 objects). Count
multiples. (e.g., "3 cups upright on table, 1 cup in gripper", "cloth folded in half on
table", "lid off, next to blender")
2. What is the gripper doing RIGHT NOW? (e.g., "gripping the red cup", "empty and open",
"closed around the cloth edge", "not visible")
3. Compared to the task goal, what has been accomplished and what has not? (e.g., "1 of 4
cups stacked, 3 remain", "cloth lifted but not folded", "towel is on the rack")
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For tasks that involve several objects, questions 1 and 3 are replaced with counting variants, while
question 2 stays the same.

Frame description, multi-object variant (questions 1 and 3)

1. List ALL relevant objects and their current state. If there are multiple instances of
the same object, count them explicitly -- both those already processed and those
remaining. (e.g., "3 cups stacked, 2 still on table", "1 nail polish in purse, 3
remaining on table")
3. How many objects have been successfully moved/processed toward the goal vs how many
remain? Give a count if possible.

C.2 Language model

The language model does two jobs, decomposing a multi-step task into ordered sub-steps and then
grading each frame.

Task decomposition • Qwen3-32B

Break the following robot manipulation task into 3-6 ordered sub-steps that a robot must
complete sequentially. Each sub-step should be a concrete, observable action.

Task: {task}

Rules:
- List exactly the physical sub-steps in order.
- Each sub-step must be independently verifiable from a camera image.
- Do NOT include "start" or "finish" as sub-steps.
- Keep each sub-step to one sentence.

Reply with a numbered list and nothing else. Example for "stack the red cup on the blue
cup":
1. Move gripper toward the red cup.
2. Grasp the red cup.
3. Lift the red cup off the table.
4. Move the red cup above the blue cup.
5. Lower the red cup onto the blue cup.
6. Release the red cup.

Cumulative grading • Qwen3-32B

You are grading a robot’s cumulative progress toward completing a task. You will see
descriptions of keyframes from a failed episode.

Task: {task}

This is frame {frame_num} of {total_frames}.{prev_score_text}

{previous_context}Current frame (frame {frame_num}, {current_timestamp}s):
{current_description}

Score the robot’s cumulative progress AS OF THIS FRAME from 1 to 4:
1 - No progress: The robot never interacted with the correct task-relevant object. Moving
, hovering, or grasping the WRONG object counts as 1. If the task is "stack cups" but the
robot only touches a bottle, that is 1.

2 - Early progress: The robot approached or contacted the correct object but did not
advance beyond that (e.g., moved toward the cup but didn’t grasp, or grasped it but
immediately dropped it).
3 - Partial progress: The robot completed at least one meaningful sub-step of the task (e
.g., grasped the correct object AND moved it toward the goal, but didn’t finish).
4 - Near completion: The robot completed MOST sub-steps of the task but failed at the
very end (e.g., grasped + moved + nearly placed but dropped; lid was almost on but slid
off).
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How to handle ambiguity:
- Frame 1 MUST be scored 1. The robot cannot have completed any meaningful action by the
very first keyframe. If the description suggests otherwise, it is a VLM hallucination --
score 1.
- Frame 2 can be scored at most 2. If the description suggests score 3 or 4, it is almost
certainly a VLM hallucination -- score 1 or 2.

- Your score should be >= your previous score UNLESS there is clear evidence that
progress was REVERSED.
- Do NOT lower the score just because the current description is less detailed than a
previous one.
- If in doubt, keep your previous score.

All episodes are failures -- the task was NOT completed, so a score of 5 is not possible.

Reply with exactly one line: ANSWER: <score> because <one sentence reason>

For a multi-step task the same grading template is used, with two changes. First, the decomposed
sub-steps, produced by the decomposition prompt above, are inserted just after the task line.

Grading, multi-step: sub-steps inserted after the task line

The task consists of these ordered sub-steps:
{substeps}

Second, the four-level rubric is replaced by one defined in terms of the fraction of sub-steps completed.

Grading, multi-step: rubric

This is a MULTI-STEP task. Score based on what fraction of the sub-steps above have been
completed:
1 - No progress: The robot never interacted with the correct task-relevant object(s).
2 - Early progress: The robot completed only the very first sub-step(s) -- e.g.,
approached and grasped the correct object but made no further advancement. Grasping alone
is a 2, not a 3.

3 - Partial progress: The robot completed roughly ONE THIRD of the sub-steps and made
meaningful advancement beyond just grasping. For a 6-step task, completing ~2 steps earns
a 3.

4 - Near completion: The robot completed roughly TWO THIRDS or more of the sub-steps.
Only the last step(s) remain. For a 6-step task, completing 4+ steps earns a 4.

The per-frame context, the ambiguity rules, and the answer format are unchanged.

C.3 Choosing the labeling models

We label real-world failures in two stages because a single vision-language model proved unreliable
at the job. Our first attempt scored full DROID videos directly with RoboReward-8B [13], and its
score followed how many frames it saw more than what they showed. General-purpose VLMs given
a whole clip and its task fail in the opposite direction. They read the task description, assume the
robot carried it out, and report progress that never happened. A clip-level scorer also returns one
number per video, while our training targets need one per frame. Splitting the work narrows what
each model must do. The VLM only has to say what a single frame shows, and a language model
that never sees pixels turns those descriptions into scores. Even so, the pipeline still hallucinates, and
Figure 8 shows a case where it does. To choose the two models behind the pipeline of Section 3.2,
we built a small hand-labeled benchmark. We drew fifty DROID failure clips, picked to be as varied
as we could make them, sampled eight frames from each, and annotated every frame by hand with its
ground-truth rubric level. Preliminary runs pointed to the vision stage as the bottleneck, while the
grading language model, Qwen3-32B, was already reliable in prior work and in our own use. We
therefore fixed the grader to Qwen3-32B and varied the vision-language model that writes the frame
descriptions.
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We score each candidate by how closely the pipeline’s per-frame labels match the manual ones, and
report two numbers. The first is exact-match accuracy. The second is a within-one accuracy, which
also counts a prediction correct when it lands within a single level of the label. The tolerance reflects
what these labels are for. The downstream signal needs to recognize a failure and roughly how far it
got, so a one-level slip, a three read as a two or a four, does not change the picture. Table 10 reports
both over the four hundred hand-labeled frames.

Table 10: Candidate describers for the labeling pipeline, with Qwen3-32B as the fixed grader. Per-
frame accuracy against 50 hand-labeled DROID failure clips. Exact: correct level. Within one: at
most one level off. We use Qwen3.5-VL.

Describer Exact (%)↑ Within one (%)↑

Qwen3.5-VL-35B-A3B [49] 81.6 91.2

Cosmos-Predict 2.5 [50] 80.2 88.0

GLM-4.7 [51] 71.1 85.0

InternVL3.5 [52] 69.3 79.8

Claude Opus 4.6 (proprietary) 84.2 89.8

Two models stood out, Qwen3.5-VL-35B-A3B [49] and Cosmos-Predict 2.5, a model specialized
for robot data. GLM-4.7 and InternVL3.5 were clearly weaker on both measures. Claude Opus
4.6 posted the best exact-match figure, but not by a margin that justified paying for a closed model
at the scale we label, and on the within-one measure it fell behind Qwen3.5-VL. Between the two
front-runners we chose Qwen3.5-VL.

Furthermore, Qwen3.5-VL is a fast mixture-of-experts model that handles language as readily as
vision and in our experiments it runs at least five times faster than Qwen3, so we tried using it for the
grading stage as well and dropping Qwen3-32B. The grades came out noticeably worse, so we kept
the pairing described in Section 3.2, a Qwen3.5-VL describer and a Qwen3-32B grader.

However, there are still noticeable hallucinations and we show an example in Figure 8 for transparency.
The VLM invents lego blocks that are not present and keeps changing their colors, a white block in
the gripper at one frame and a black one at the next. Reading these shifting descriptions, the grader
infers that objects are being handled and moved and that the manipulation must be progressing, so it
raises the score to near-complete even though the attempt only scatters the tower. This is the clearest
evidence that the bottleneck sits on the vision side of the pipeline. The grader reasons soundly over
what it is told, so once the descriptions drift its scores drift with them. We accept a small amount of
this residual label noise on the assumption that it washes out over a large corpus.

D Training Details

Frame budget. RoboRef reads sixteen frames per clip where Robometer reads eight (Section 3.4).
Table 11 compares the two budgets on the asymmetric fine-tune.

The two-stage pipeline scores eight frames per clip, since sixteen proved too costly, and the scores are
lifted to the sixteen frames our models read by the conservative interpolation of Section 3.2. Failures
are 18.0% of the corpus, so we oversample them by a factor of 1.89 during training, which lifts their
share of a batch to about 30%. Two sources are weighted further. MetaWorld successes get a factor
of thirteen, since that split is almost all failures and its few successes would otherwise barely appear,
and DROID failures by three. FailSafe gets no extra weight, since its clips come from only three
tasks.

We fine-tune with AdamW [53], weight decay 0.01, a cosine schedule with 10% warmup, gradients
clipped to norm 10, eight trajectories per GPU, a learning rate of 10−5, and 5,000 steps. The vision
encoder stays frozen and training is sharded across eight H100 GPUs with FSDP in bfloat16.
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Task: “Unstack the lego blocks.” 8 frames sampled; three shown

Stage 1 — describe
Qwen3.5-VL-35B-A3B
reads each frame on its own.
Output: one description per
frame.

· · · · · ·

frame 1 frame 4 frame 8 F

VLM output

Objects: yellow, blue and red blocks,
and a white and a brown block. Grip-
per: not visible. Progress: 1 of 4
stacked, 3 remain.

Objects: the blocks, stacked. Gripper:
holding a white block. Progress: the
block is being placed for stacking.

Objects: the blocks, scattered again.
Gripper: holding a black block.
Progress: the attempt fails; the tower
is not taken apart.

Stage 2 — grade
Qwen3-32B
reads each description with all
earlier ones.
Output: a 1–4 score per frame.

LLM output

score

1

score

4

score

4

+ earlier descriptions + earlier descriptions

Figure 8: A hallucination that survives the two-stage pipeline of Section 3.2, shown in the format of
Figure 2, on a DROID clip whose task is to unstack a lego tower. The real blocks are yellow, blue
and red with a second yellow block on top. The white and brown objects behind them are a cup
and a bottle. The VLM’s fabrications, in red, report objects that are not there (a white and a brown
block), then misread the grasped yellow block as white, and at the end see a black block in an empty
gripper. Because each description is stated with confidence, and the reported blocks on the gripper
keep changing, the grader is pulled to a full score of four from the fourth frame on, whereas the true
progress is closer to two. The arm lifts the top block but then scatters the tower instead of unstacking
it. Frames, descriptions, and scores are real outputs.

Table 11: Eight vs. sixteen frames per clip for RoboRef after 5,000 training steps, on the in-
distribution evaluation splits. Kendall’s τ : correlation with true frame order. Rank accuracy: fraction
of success–failure pairs ordered correctly. Higher is better for both.

Kendall’s τ Rank accuracy

Split 8 frames 16 frames ∆ 8 frames 16 frames ∆

MetaWorld 0.620 0.750 +0.129 0.791 0.861 +0.069

DROID 0.314 0.331 +0.017 0.557 0.622 +0.065

FailSafe 0.768 0.752 −0.016 0.884 0.876 −0.008

Robometer 0.740 0.763 +0.022 0.881 0.867 −0.014

Mean 0.611 0.649 +0.038 0.778 0.806 +0.028

E Evaluation Details

E.1 Evaluation splits

The frame-budget ablation (Tab. 11) uses four in-distribution splits that hold out clips from the training
sources, MetaWorld, DROID, FailSafe, and Robometer, so each model is scored on the distribution
it trained on. Table 12 gives their sizes. The clips are held-out episodes of training tasks, with one
exception. Four MetaWorld tasks, assembly, box-close, coffee-push, and stick-pull, are
dropped from every model’s training set and appear only at evaluation, so that split also probes unseen
tasks.

Table 12: Sizes of the four in-distribution offline evaluation splits.
Split Domain Failures Successes Total

MetaWorld simulated 468 104 572

DROID real-world 229 734 963

FailSafe simulated 481 74 555

Robometer mixed 1,387 2,478 3,865

Total 2,565 3,390 5,955
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Two details qualify these splits. The clips are held-out episodes of training tasks, with one exception.
Four MetaWorld tasks, assembly, box-close, coffee-push, and stick-pull, are dropped from
every model’s training set and appear only at evaluation, so that split also probes unseen tasks. The
out-of-distribution split is Robometer’s held-out-robot set, 571 real-world clips across six robot arms
no model saw in training, labeled successful (233), suboptimal (172), or failure (166).

E.2 RoboRewardBench protocol

RoboRewardBench [13] pairs a rollout video with its task description and asks for a single end-of-
episode score in {1, . . . , 5}, where 1 marks no goal-relevant change and 5 perfect completion. It
holds 2,831 human-verified episodes drawn from Open X-Embodiment [41] and RoboArena [45]. We
run every model under a single protocol, so all numbers in Table 14 come from our own experiments.
Each video is sampled at one frame per second, always including the final frame.

Querying each model. RoboReward-4B returns a score on the benchmark’s five levels directly.
RoboRef, Robometer-4B + Failures, and Robometer-4B are read at the final frame of their progress
head, which returns a continuous value on [0, 1] that we cut into five equal levels. Robo-Dopamine
2.0 and LRM-8B score the change between two states, so we give them each episode’s first and final
frame and read the result on the same five levels. LRM-8B receives the inputs it expects. Robo-
Dopamine 2.0 compares a state against a goal image of the completed task, which the benchmark
does not supply. We substitute the first frame, so its numbers here understate it.

Rescaling. Cutting a continuous output into five equal levels assumes the model uses the full range.
RoboRef does not. Its conservative objective keeps its progress below 0.55 on this data, so it can
never output a 4 or a 5, although a third of the episodes carry those labels. We therefore also report
each metric after min–max rescaling every model’s outputs on the benchmark to [0, 1] before cutting,
under one rule applied to every row. This leaves RoboReward-4B and LRM-8B unchanged, since
both already span the full range, and it makes Robo-Dopamine 2.0 worse. Rescaled, RoboRef’s MAE
improves from 1.35 to 1.07, which passes the constant predictor.

Metrics. MAE is the group-wise mean absolute error against the 1–5 label, and exact match is the
fraction of episodes assigned the correct level. Rank accuracy is the fraction of episode pairs with
different labels that a model orders correctly. It is 0.50 at chance and unaffected by rescaling, so we
treat it as the fairest comparison across models whose outputs live on different scales. The constant
predictor answers 3 everywhere.

E.3 Reinforcement learning protocol

Evaluation. Every curve reports ground-truth task success, measured in separate evaluation
episodes in which the reward model is never queried. Curves show the mean over seeds with a
one standard error band. Each run uses a single A100.

Dense reward (ManiSkill). We train SAC [37] from scratch, with no demonstrations and no
pretraining, for 300k steps over five seeds. The progress head supplies a dense per-step reward, and
no model terminates the episode, so no success threshold or minimum episode length is needed.
RoboReward-4B supports only sparse rewards and runs under the sparse protocol below.

Sparse reward (MetaWorld, Robomimic). We use image-based IBRL [6], which starts from a
behavior-cloning policy pretrained on demonstrations and then optimizes a sparse success reward.
Every frame the policy produces is scored, and the moment the success score crosses the model’s
threshold the episode is declared solved and ends with the reward paid at that step. A single false
detection therefore both ends the episode early and pays a reward the policy did not earn. MetaWorld
runs use five seeds and Robomimic runs three seeds due to high-computational demands.

Threshold calibration. Turning a continuous success score into this fire-or-not decision requires
a threshold. The models emit their scores on different scales, so a single shared cut would favor
some models and starve others. We therefore calibrate one threshold per model, with the same
procedure for every model, ours and the baselines alike. On a small set of oracle rollouts, collected
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once and kept out of training, we select the operating point that recovers the most true successes
under a strict false-positive budget. Because the procedure is shared, the calibration cannot be what
separates the models, and whatever gap remains belongs to the reward itself. The calibration does
read ground-truth labels, a cost for an otherwise zero-shot deployment, but it is a convenience rather
than a requirement. Across tasks and simulators, RoboRef’s threshold fell between 0.75 and 0.85, and
a badly set threshold is visible in the training curves. Too low a threshold produces false detections,
early terminations, and a flat success curve. Too high a threshold is never crossed by any episode,
successful or not, so the policy receives almost no signal.

Minimum episode length. IBRL rests on off-policy actor-critic updates, which are susceptible to
an early-training exploit. The policy learns to provoke a spurious success in the first few steps of an
episode, before the task is physically solvable, collects the terminal reward, and resets. We observed
this with every reward model, ours and the baselines alike. We therefore ignore any detection before
a per-task minimum episode length, set from the length of a demonstration of that task in the set
IBRL is pretrained on. This encodes a simple physical prior, that nothing is solved faster than an
expert solves it, so an earlier detection is spurious by construction. Every reward model is held to the
same minimum. We tried values between 0.8 and 1.0 times the demonstration length and use the best
one for each task.

Baseline configurations. RoboReward-4B [13], Robo-Dopamine 2.0 [14], and LRM-8B [15] each
run in the configuration their authors intend, with their richest inputs and native reward forms, which
favors them. In all three simulators, Robo-Dopamine 2.0 receives a goal image of the completed
task and three camera views, while every other model reads one third-person view. The released
Robometer-4B is evaluated with its progress head, the better of its two heads in our experiments.

F Real-World Experiments

This appendix expands Section 4.4. Section F.1 gives the setup shared by all real-world tasks and the
details of each task, and Section F.2 shows example rollouts.

F.1 Setup

Robot and cameras. We use a Franka FR3 and a ZED 2i camera that publishes 1280 × 720
frames at 10 Hz. The reward model sees a 300 px square crop centered at pixel (615, 505), resized
bicubically to 480× 480. The policy sees its own view, a square center crop resized to 128× 128.
Each clip is sampled to exactly 16 frames for RoboRef and 8 for Robometer-4B, with linspace
indices over the episode so far. When the episode is shorter we enforce padding by repeating the
latest frame.

Reward. Both reward models expose a progress head and a success head, and every step is scored
on the prefix clip c0:t, the frames 0 . . . t of the episode so far. The reward is the continuous form

rt = progress(c0:t) − 1 + psuccess(c0:t). (3)

The same formula scores the frames recorded after a release, so a release is paid for by what the scene
looks like once the object is out of the gripper.

Release protocol. The policy releases once the success head stays above the model’s release trigger
for 3 consecutive steps, extended to 5 if the arm is still moving substantially during that window,
for a steadier release; there is no fixed height gate, since an object dropped from a height can land
anywhere and height alone cannot tell a hovering gripper from a seated lid. The arm then retreats,
and the outcome is scored on the 10 frames recorded afterward, so occlusion from the gripper cannot
influence the reward. The two models use different release thresholds because their success heads are
calibrated differently (Table 13); each is evaluated with its own trained threshold, not a shared one.
We use 0.75 for RoboRef, and use 0.6 for Robometer-4B which is what the authors reported.

Demonstrations and training. Demonstrations are teleoperated with a GELLO leader arm [54] at
10 Hz and 720p. Frames are subsampled at stride 4 (0.4 s per kept step), and actions are the realized
pose displacement between kept frames, divided by the action scale (0.02 m, 0.1 rad) and mapped
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into the end-effector frame. Transitions that cannot be represented within [−1, 1] are omitted rather
than clipped.

Demonstration rewards are not hand-labeled. Each demonstration is scored by the same reward server,
with the same prefix-clip logic and Eq. 3, so each run trains on demonstrations relabeled by its own
reward model. Both runs use RLPD [38], i.e. SAC with a demonstration ratio of 0.5, γ = 0.96 and
mean Q aggregation, with one reward-model call per policy step (action_repeat = 1).

Evaluation. Success is always the operator’s label. For the frozen evaluation, the policy is fixed and
learning is off, resets are randomized exactly as in training, and an episode that never releases counts
as a failure. Checkpoints are written every 25 global steps and are not selected on performance; we
use the last checkpoint for both models.

Pick up the zucchini. The robot must grasp a zucchini lying on the table and lift it clear. The
policy’s 6-DoF actions move the arm only, with the fingers held open through the 50-step approach;
the grasp itself is scripted, closing and then lifting straight up to a fixed height, unless there are 3
consecutive successes detected by the success head of the models. We collected 19 demonstrations
for this task, and both models train for 125 episodes.

Close the pot lid. The robot starts holding the lid in a closed gripper and must seat it on the pot
and let go. An episode runs at most 50 policy steps. Each reset drives the arm to a pose drawn
uniformly from ±5 cm in x and y about a measured start pose, and orientation is not randomized.
Between episodes the operator puts the lid back in the gripper by hand while the arm holds still. For
this task we collected 25 demonstrations. Both runs train for 200 episodes. We evaluate RoboRef
at global_step_125 (episode 185) and Robometer-4B at global_step_100 (episode 188), so
the two have seen comparable robot experience. In an attempt to improve the baseline, a second
Robometer-4B checkpoint (global_step_50, covering its best training window) was evaluated, but
it scored 0/30 as well.

Table 13: Per-model settings in the real-world experiments. Both models see the clip of the episode so
far, sampled with linspace indices, and each run’s demonstrations are relabeled by its own reward
model.

Task Reward model frames padding release trigger success flag

Pick up the zucchini RoboRef 16 linspace 0.75 0.75
Robometer-4B 8 linspace 0.60 0.60

Close the pot lid RoboRef 16 linspace 0.75 0.75
Robometer-4B 8 linspace 0.60 0.60

F.2 Gallery

Each filmstrip shows one successful RoboRef rollout from the frozen evaluation, from the randomized
start to the release, then the retreat and one of the outcome frames the reward model scores. Frames
are the full camera view, not the model’s crop.

G Extended Results

This appendix collects results that support the main text: the full offline results (Appendix G.1), the
reward each model pays on its own policy’s states in ManiSkill (Appendix G.2), an intervention
showing that false positives cause the RL failure (Appendix G.3), and reward traces on the real robot
(Appendix G.4).

G.1 Offline evaluation

Tables 14 and 15 give the full offline results behind Tab. 3. Beyond the accuracy metrics, both
decompose each model’s error by direction and report, for every metric, Kendall’s τ between the
ordering of the six models it induces and their RL success. Table 16 adds the success head for the
three models that have one.
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t = 1 t = 25 t = 50

scripted close lifted outcome

Figure 9: Pick up the zucchini, RoboRef, training episode 102. The success head did not cross its
release trigger during the 50-step approach (max 0.05), so the scripted grasp closes the fingers and
lifts, and the model scores the outcome. On this example, it averaged 0.781 above its 0.75 threshold.

t = 1 t = 4 t = 8

t = 11, release retreat outcome

Figure 10: Close the pot lid, RoboRef, evaluation episode 19. Eleven policy steps take the robot
from the randomized start to the release. The success head averaged 0.787 over the outcome frames,
and the operator labeled the lid seated.

Where RoboRef’s error lies. On RoboRewardBench, RoboRef assigns the top level to 0.1% of
non-successful episodes and a level of four or higher to 1.3% of episodes labeled below four. The
baselines do so on 5–13% and 7–24%. In exchange RoboRef misses 19% of true successes, twice
the rate of Robometer-4B, and its under-prediction is the largest of all models. Our control separates
the two ingredients as in Sec. 4.2. Robometer + Failures already matches RoboRef on top-level
false positives, so the failure data removes those. The asymmetric loss is what lowers the reward on
non-successes across the range, from 22.9% to 1.3% on the four-or-higher rate and from 0.37 to 0.18
on the mean raw score.

Robomimic. Here the split should be read with the label in mind. The target is the frame index,
so a model that scores a lifted can at frame T/2 above 0.5 counts as over-predicting. RoboRef does
so more than any baseline, and the model that reproduces the ramp most faithfully is the control,
which was trained on that ramp and trains no policy. The split is also small, 160 frames from ten
demonstrations, and the level-based rates in Tab. 15 rest on 20 success frames. On the success
head (Tab. 16), all three models separate success frames from the rest perfectly. They differ only in
calibration. The control’s head never crosses 0.5 on a success frame, RoboRef’s does so on 85% of
them, and Robometer-4B’s on all. In RL this is absorbed by the per-model threshold calibration of
App. E.3.
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Table 14: RoboRewardBench, full results. Progress head for all models except RoboReward-4B,
which returns levels directly. MAEr after rescaling outputs to [0, 1] (App. E.2). Over and Under are
mean over- and under-prediction of rescaled progress. FP5 is the fraction of non-successes scored 5,
FP≥4 the fraction of episodes below level 4 scored 4 or higher, FN the fraction of successes scored
below 5. Reward on failures is the mean score on non-successes, raw and rescaled. The last rows
give Kendall’s τ between each metric’s model ranking and RL success (area under the training curve,
four tasks), oriented so +1 means agreement, with an exact permutation p.

Accuracy Error direction Reward on failures

Model MAE↓ MAEr↓ Rank↑ AUROC↑ Over↓ Under↓ FP5↓ FP≥4↓ FN↓ raw↓ resc.↓

Robometer-4B 0.961 0.968 0.803 0.859 0.491 0.163 0.047 0.198 0.092 0.497 0.507

Robo-Dopamine 2.0 1.242 1.339 0.597 0.601 0.571 0.209 0.133 0.240 0.117 0.223 0.611

RoboReward-4B 0.405 0.405 0.856 0.905 0.166 0.196 0.061 0.069 0.050 0.339 0.339

LRM-8B 1.056 1.056 0.700 0.721 0.167 0.454 0.070 0.096 0.129 0.292 0.292

Robometer + Failures 1.065 1.063 0.723 0.760 0.437 0.283 0.001 0.229 0.186 0.374 0.489

RoboRef (ours) 1.350 1.068 0.718 0.774 0.249 0.463 0.001 0.013 0.186 0.177 0.320

Kendall τ vs. RL −0.87 −0.73 −0.47 −0.33 −0.20 −0.60 −0.07 −0.07 −0.60 +0.73 +0.07

p 0.017 0.056 0.272 0.469 0.719 0.136 1.000 1.000 0.136 0.056 1.000

Table 15: Robomimic PickPlace-Can, progress head. Ten IBRL demonstrations of sixteen frames,
target t/T , success = last level (20 frames). Columns as in Tab. 14, with MAE on progress in [0, 1]
and rates over frames.

Accuracy Error direction Reward on failures

Model MAE↓ MAEr↓ Rank↑ AUROC↑ Over↓ Under↓ FP5↓ FP≥4↓ FN↓ raw↓ resc.↓

Robometer-4B 0.101 0.083 0.958 1.000 0.037 0.212 0.013 0.000 0.000 0.386 0.372

Robo-Dopamine 2.0 0.112 0.112 0.990 0.990 0.000 0.438 0.000 0.000 0.062 0.326 0.326

RoboReward-4B 0.347 0.214 0.796 0.772 0.019 0.625 0.006 0.000 0.106 0.134 0.268

LRM-8B 0.162 0.140 0.924 0.929 0.131 0.481 0.131 0.000 0.000 0.276 0.306

Robometer + Failures 0.180 0.064 0.983 0.944 0.237 0.006 0.087 0.075 0.006 0.291 0.497

RoboRef (ours) 0.328 0.167 0.857 0.872 0.512 0.113 0.044 0.275 0.075 0.164 0.570

Kendall τ vs. RL −0.20 −0.07 +0.20 −0.07 −0.33 +0.33 +0.07 −0.78 −0.43 +0.07 −0.47

p 0.719 1.000 0.719 1.000 0.469 0.469 1.000 0.200 0.356 1.000 0.272

Fig. 11 shows the same disconnect on this split: neither offline MAE nor rank accuracy on the
expert demonstrations correlates with Robomimic RL success (τ = −0.07 and τ = −0.20, both not
significant), the same pattern as on RoboRewardBench (Tab. 3); RoboReward-4B’s coarse discrete
1–5 output limits its rank accuracy here in particular.

Agreement with RL. Sec. 4.3 correlates the columns of Tab. 3: rescaled RoboRewardBench MAE
against final RL success averaged over the four simulated tasks. Of the 15 model pairs, 14 are
ordered oppositely by the two (τ = −0.87, p = 0.017). The τ rows of Tabs. 14 and 15 instead
measure RL success as the area under the training curve, which also credits how fast a policy learns.
The conclusions agree: rescaled MAE gives τ = −0.73 (p = 0.056), and the raw reward on non-
successful episodes gives τ = +0.73 (p = 0.056), against +0.60 (p = 0.136) with final success.
The τ rows use the same convention throughout. RL success is the area under the training curve
averaged over the four simulated tasks, each metric is oriented so that +1 means its better-is direction
agrees with RL, and p is an exact permutation test. Every accuracy metric on RoboRewardBench
is negative, from −0.33 for AUROC to −0.87 for the benchmark’s own MAE, and on Robomimic
none exceeds |τ | = 0.2. The quantity that leans most clearly toward RL is the mean raw reward on
non-successful episodes, τ = 0.73, the offline counterpart of the failure reward in Fig. 12b. It holds
on the raw scale only, which is the scale a policy receives, and disappears after min–max rescaling.
With six models and many metrics no single row is conclusive on its own. The finding is the sign
pattern. Metrics that reward fitting the labels order the models against RL, and the one that measures
the reward given on failures orders them with it.
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Table 16: Robomimic PickPlace-Can, success head. Same frames as Tab. 15, for the three models
that deploy Robometer’s success head. FP and FN threshold the head at 0.5. Mean ŝ is the mean
success probability on non-success frames and on frames at levels 1–2.

Mean ŝ

Model AUROC↑ TPR@FPR5↑ FP@0.5↓ FN@0.5↓ ECE↓ non-succ.↓ level 1–2↓

Robometer-4B 1.000 1.000 0.000 0.000 0.047 0.043 0.005

Robometer + Failures 1.000 1.000 0.000 1.000 0.080 0.009 0.000

RoboRef (ours) 1.000 1.000 0.000 0.150 0.059 0.025 0.000
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Figure 11: Offline accuracy does not predict RL on Robomimic either. Each model’s per-frame
progress on the ten PickPlace-Can expert demonstrations IBRL trains from (agentview and wrist
views, 16 frames, re-rendered from the saved simulator states at 224 px; Robometer-4B read at the
same 8 of 16 frames as its RL run), by (a) MAE and (b) rank accuracy against true progress t/T ,
versus Robomimic RL success as area under the training curve. Error bars are 95% bootstrap intervals
over the ten demonstrations.

G.2 Reward hacking analysis

All numbers in Table 17 come from the training episodes of the dense-reward runs in Section 4.1.
Models are scored with their progress head, except RoboReward-4B, which runs on the five levels of
its success head. No model terminates episodes in this regime, so each score is logged as returned
and the FP threshold is applied after training, for measurement only. We restrict FP to never-solved
episodes, since a progress model should score highly just before a real success. Solve rates and step
counts differ across rows because each reward trains a different policy, and both metrics are computed
within each model’s own episodes. The baselines report scores on a coarse grid (LRM-8B to one
decimal place, Robo-Dopamine 2.0 as small fractions, RoboReward-4B on five levels), so their scores
contain many ties. AUROC assigns tied scores their average rank.

Figure 12 shows the same training logs as curves. Panel (a) is the mean predicted reward over
the course of never-solved episodes, (b) its mean over the episode, and (c) the AUROC column of
Table 17.

G.3 False positives cause the RL failure

Section 4.2 and the reward-hacking analysis of Appendix G.2 show that the rewards which fail to train
a policy pay success-level reward in failed episodes. That evidence is correlational. Here we test the
causal claim directly. We take Robometer-4B, whose dense-reward runs on ManiSkill PullCube-v1
never learn the task (Fig. 3a), remove its false positives and nothing else, and train again.

Intervention. We rerun SAC with the recipe of Fig. 3a (Appendix E.3) and change only the reward.
At every step the simulator reports as not solved, a Robometer-4B reward at or above its success
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Table 17: On-policy reward quality on ManiSkill PullCube-v1, pooled over five seeds. Solved:
share of steps the simulator marks solved. AUROC: probability that a successful step scores above
an unsuccessful one. FP: share of steps in failed episodes that reach the 5th percentile of scores at
successful steps. Model Steps Solved AUROC↑ FP↓

Robometer-4B 1,499,380 0.007 0.429 0.893

Robo-Dopamine 2.0 1,582,388 0.046 0.777 0.639

RoboReward-4B 1,469,792 0.027 0.563 0.956

LRM-8B 1,499,380 0.029 0.640 0.850

Constant – – 0.500 1.000

Robometer + Failures 1,499,380 0.007 0.660 0.835

RoboRef (ours) 1,499,380 0.131 0.919 0.393

threshold (τ = 0.654, the threshold behind its FP rate in Appendix G.2) is clipped to just below τ .
Rewards at solved steps and all rewards below τ are left as the model returned them, so the policy still
learns from Robometer-4B’s own progress estimates, with its ordering of unsolved states intact and
only the success-level band removed. The mask uses the simulator’s success signal and is therefore
an oracle, a diagnostic rather than a method. It fires on 40–46% of all training steps across the three
seeds, which is how much of Robometer-4B’s reward is paid at success level for states that are not
successes. As an upper bound we also train with the environment’s ground-truth dense reward.

Result. Figure 13 shows the three rewards side by side. Unchanged, Robometer-4B ends at 0.00
success on all five seeds, and its mean over seeds never exceeds 0.04 at any evaluation. With its
false positives masked, the same model reaches 0.92± 0.02 (three seeds), close to the ground-truth
reward’s 0.94 ± 0.02 (five seeds). It learns more slowly, passing 0.5 success at 80k steps against
50k for the ground-truth reward. Robometer-4B’s progress signal below the threshold is informative
enough to train a competent policy. What prevents learning is the success-level reward it pays in
states that are not successes, which is the error RoboRef’s asymmetric objective targets.

G.4 Reward traces on the real robot

Figure 14 is the real-robot counterpart of Figure 4: a failed and a successful close-lid episode from
the Robometer-4B run of Section 4.4, which saved every frame its reward model saw. Both models
are re-run offline on these frames with the online protocol of Appendix F.1, and on these two episodes
the recomputed scores reproduce the scores logged online to within 0.05. In the failed episode (a),
Robometer-4B detects success during the approach and the lid is released off the seat, while RoboRef
never detects success. In the successful episode (b), both models detect success, RoboRef at the step
the lid is released.
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Figure 12: Reward predictions on ManiSkill. (a) Mean predicted reward over the course of
never-solved training episodes (1,500 per model) and (b) its mean over the episode. (c) AUROC of
successful vs. unsuccessful steps over all training steps, dashed line at chance. Pooled over five seeds.
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Figure 13: Masking false positives rescues RL. SAC on ManiSkill PullCube-v1 with the dense-
reward recipe of Fig. 3a. Masking clips Robometer-4B’s reward to just below its success threshold at
every step the simulator reports as unsolved, and changes nothing else. Curves are smoothed and
shaded as in Fig. 3, mean over seeds with a one standard error band.
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(a) Real world, failed episode
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(b) Real world, successful episode

RoboRef Robometer-4B gripper opened

Figure 14: Example reward predictions on the real robot of RoboRef and Robometer-4B on a
failed (a) and a successful (b) close-lid episode, the counterpart of Figure 4. Top: predicted progress
∈ [0, 1]. Bottom: success, held at 1 once the success probability has exceeded the model’s release
threshold (RoboRef 0.75, Robometer-4B 0.6) for three consecutive steps. Gray: frames after the
gripper opens.
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