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Figure 1: Overview of our analysis. We consider counterfactual trajectories demonstrating failures obtained
with kinesthetic teaching, pre-trained policy rollouts, human videos, and real2sim across five different manipulation
tasks. We compare how the source of the counterfactuals and the scale affect learned reward models and subsequent
robot-policy post-training. Video results are in the website rightkindofwrong.github.io

Abstract. Reinforcement learning (RL) can improve robot policies beyond imitation learning, but it
requires rewards that capture task progress and failure. Learning such rewards requires not only successful
demonstrations, but also informative counterfactual failures that can guide the model on behaviors to
penalize. However, large-scale robot datasets are dominated by successful behavior, and collecting failures
on real hardware is expensive. This raises a practical question: given a limited data-collection budget,
which sources of counterfactual experience are worth investing in? We compare four sources of failure data:
kinesthetic-teaching failures, policy rollouts, human video, and real2sim rollouts, across five real-world
manipulation tasks. By keeping the task suite, successful demonstrations, and the evaluation setup fixed,
we study the effect of these sources through LoRA adaptation of a reward model and few-shot prompting
of a frozen model in two different data scale scenarios. We evaluate the resulting reward models on a
custom held-out benchmark of 250 human-annotated policy rollouts, measuring trajectory ranking and
success detection. Finally, we use selected reward models to guide RL post-training of mp and test whether
improvements in offline reward quality translate into better robot behavior. In sum, our study examines
whether inexpensive counterfactual sources can match or surpass smaller amounts of faithful real-robot
failure data when scaled, for improving rewards models in robot manipulation.


https://rightkindofwrong.github.io/
https://rightkindofwrong.github.io/
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1 Introduction

Reinforcement learning (RL) can learn new behaviors from scratch that are hard to teleoperate [41, 44] or
improve large-scale robot policies trained via behavior cloning [10, 16, 20, 38]. Imitation-learned policies are
a good starting point, but they still suffer from classic problems like compounding errors and covariate shift
[30, 32, 33], and RL can help with these. Rewards are one of the main components for RL to perform well.
Classically, there is a lot of engineering involved in shaping rewards [12] to get better performance in RL. A
well-calibrated reward needs to track progress for different varieties of rollouts, from successes to suboptimal
ones to failures.

A growing body of work therefore studies learned reward models for robot manipulation. These models are
typically trained on large-scale robot datasets [14, 26], which consist predominantly of expert demonstrations
and contain little to no failure data [2]. Existing methods thus need to obtain counterfactual supervision
from several alternative sources. One category of works constructs synthetic counterfactuals from successful
trajectories through augmentations such as reversing video segments, early stopping or stalling, and language
relabeling [15, 37, 43]. These can be viewed as a form of post-hoc relabeling to synthesize failures from
successes. Another viable approach is to use real failures collected through deliberate teleoperation or policy
rollouts on hardware [17]. An alternative strategy is to avoid task-specific counterfactual data altogether,
estimating rewards zero-shot from frozen vision-language models [7, 23]. Recent work argues that reward
models need bad behavior data to be reliable [36], but which kind is worth paying attention to? Synthetic
failures are cheap but indirect, while real failures give a direct signal to learn from but are expensive.

This leaves a practical question that we set out to study: What is the right kind of wrong for
learning rewards? We keep the tasks, reward models, training procedure, evaluation, and RL setup fixed,
while varying the counterfactual data sources and how much data there is per source. Our most expensive
sources are kinesthetic teaching (KT), where an operator physically guides the robot arm through a failure
and the motion is replayed on camera, and zero-shot policy rollouts (RO), where we have no control over
the behavior. The cheaper ones are deliberately collected failures in human video (HV), which creates an
embodiment gap, and scripted failures in lifted real-to-sim environments (real2sim, R2S), which creates a
visual gap. Since the cheaper sources are easier to collect in large amounts, we compare all four at the same
scale and then scale the cheaper ones according to their cost.

As outlined in Figure 1, we study the counterfactual data sources across two reward models: one trainable,
Robometer [17], and one few-shot promptable method, GVL [23]. We first test the adapted rewards on the
real robot, using DSRL [38] to post-train 7o [4] on three tasks of increasing difficulty. Since running RL for
every condition and source is not practical, we also build a held-out benchmark of 250 annotated rollouts to
study how source, scale, and the visual fidelity of simulation change the learned reward itself. Surprisingly,
the cheaper sources hold up well in RL despite their domain gaps, while more data and better offline scores
do not always mean better reward signals.

Our main contributions

» A controlled study of counterfactual sources. We collect data from four sources across five real
manipulation tasks and build a held-out, 250-episode cross-policy benchmark with human-annotated
partial credits.

» Cheap counterfactuals can also help real-robot RL. With DSRL on three tasks, we find that
every source improves over the base reward. Cheaper sources are competitive with the expensive ones
despite their domain gaps.

» What the offline benchmark shows. Offline experiments show that the source matters more
for trainable reward models than for prompted ones, that scaling helps only up to a point for cheap
sources, and that offline metrics only loosely predict RL success.
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Figure 2: Setup overview. Left: each counterfactual source is used to adapt its own Robometer reward model
with LoRA, which predicts task progress in [0, 1]. Right: DSRL trains only a noise-space policy on top of the frozen
70, and the reward for each RL run comes from one source-specific reward model.

2 Related Work

Reward learning from demonstrations. Learning rewards or value from demonstrations is a long-studied
alternative to human-engineered rewards. Inverse reinforcement learning infers a reward that explains expert
behavior [1, 46], ranking-based methods extrapolate beyond the demonstrator [5], and representations such as
VIP [21] and LIV [22] measure progress as distance to a goal. These methods benefit from the growing supply
of datasets dominated by expert behavior [14, 26], but successes alone cannot teach a reward to reliably
score partial completions or failures. ReWIiND [43] addresses this by reversing successful videos to synthesize
undo behavior, a common failure seen in RL rollouts, which lets it learn decreasing progress. However, such
augmentation-based failures do not cover the plausible failures a robot actually makes. We instead ask which
sources of more realistic failures are worth collecting.

Reward learning from failures. A second line of work supervises rewards with mixed sources of data. Recent
methods like RoboReward [15], Robometer [17], Robo-Dopamine [35], VLAC [42], and LRM [39] train
VLM-based reward or progress models with mixed data sources. We mainly use Robometer, which combines
frame-level progress with trajectory-level preferences over successful, suboptimal, and failed rollouts across
many embodiments. Failures also appear as first-class data in vision-language-action models [18], autonomous
skill improvement [45], and language-guided recovery [8], and a recent position paper [36] argues for the need
for reliable bad behavior data. These works establish that failures are important; we study what kind of
failures to invest in.

Rewards from foundation models. A third line of work uses large pretrained vision-language models as
general-purpose reward or value estimators. GVL [23] treats a VLM as an in-context value learner that
predicts progress over shuffled video frames, enabling zero-shot and few-shot progress estimation across tasks
and embodiments. TOPReward [7] instead reads progress from an open-source VLM’s token probabilities,
and RoboCLIP [34] and RARM [40] score rollouts by their video-language similarity with the reference
demonstration. These approaches need no task-specific training, or at times no training at all, inheriting
from broad visual priors, but their scoring depends on the reasoning capabilities of the foundation model
they use [3, 29]. We include few-shot GVL as one of our two reward models to test whether counterfactuals
still help when they are only seen in context.
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Table 1: Counterfactual sources and their cost-alignment trade-off. Collection is the operator time to produce
one trajectory; annotation is the time to assign partial-credit labels. Robot successes are pooled into a shared set
(Section 3.3).

Source Embod. Real vis. On-policy Scripted Per-episode cost Annotation Data Collected / task

Kinesthetic v v - v temilieet 3 replesy human 5 (4 fail + 1 succ)
(kinesthetic + reset)

Rollout v v v - trollout (policy on human 20 g rollouts
hardware)

Human - v - v thuman (1O robot human 20 (19 fail + 1 succ)
needed)

Real2Ssim v - - v tasset /N (amortized automatic 30( 29 fail + 1 succ)
setup)

Counterfactual data for manipulation.. The sources we study correspond to naturally available data used in
robot learning. Teleoperation and policy rollouts underpin large-scale corpora such as DROID [14] and Open
X-Embodiment [26], as well as distributed evaluation efforts such as RoboArena [2], and collectively these
sources show how expensive controlled hardware trials remain. Human video datasets like Epic-Kitchens [9]
and EgoDex [13] have been used as cheap sources for robot learning across many tasks; even Robometer uses
Epic-Kitchens in its training recipe. Simulation benchmarks such as LIBERO [19] and RoboCasa [25] provide
cheap, exactly labeled rollouts at the cost of visual and dynamics gaps, which real-to-sim methods narrow by
lifting the real scene into simulation [6, 31]. Prior works typically study or use these sources in isolation for
policy learning, but we compare them for reward learning under a common cost model, annotation scheme,
and evaluation protocol.

3 Study Design

We design our study around the question: Given a limited data-collection budget, which sources of counter-
factual data most improves learned reward models for reinforcement learning? We keep the reward models,
task suite, offline evaluation benchmark, RL setup fixed and vary only the source of counterfactual data and
the scale collected from each source.

3.1 Robot setup and tasks

We evaluate on five manipulation primitives using a standard DROID [14] setup with a Franka Emika Panda
arm and a Robotiq gripper as seen in Figure 2. The tasks are: Pick up the spoon and put it on the plate
(Spoon), Pick up the sellotape and put it in the grey box (Tape), Remove the lid from the pot (Remove Lid),
Pour the contents of the cup into the grey box (Pour), and Stack up the cups together (Stack Cups).

3.2 Counterfactual sources

We collect counterfactual data from four sources (Table 1), each offering a different trade-off between collection
effort and alignment to the reward-learning setting. Two activities dominate the per-episode cost of every
source: collection, the time an operator spends generating a trajectory, and annotation, the time a human
spends assigning partial-credit labels. Sources that require the physical robot for collection are substantially
more expensive per episode than those that do not, and sources whose labels can be obtained automatically
remove the annotation cost entirely. This produces a clear cost ordering across sources. Source examples and
the partial-credit labeling scheme are given in Appendix A.1.

Kinesthetic-teaching failures are the most expensive and most aligned source. An operator uses
the Franka’s program mode to kinesthetically record each trajectory by physically guiding the robot arm,
then rearranges the objects to the exact same initial configuration and replays the recorded action. Each
episode therefore requires both a kinesthetic-teaching phase and a physical replay phase, both of which
demand direct robot access. Per task, we collect one expert trajectory and the rest as intentional failure
modes, all recorded at 15-20 Hz and annotated by a human with partial-credit labels. Per episode, the cost is
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Figure 3: Real-robot RL results (RQ1). Success rate over 20 trials for zero-shot 7o and DSRL with the base
Robometer or source-adapted Robometer on three tasks. On average, every adapted reward improves over the base
reward. Cheaper sources such as human video and real2sim are competitive with kinesthetic teaching despite their
domain gaps.

teollect 1 treplay + tannotate, Where collection and replay together make this the most time-consuming source.

Policy-rollout failures require the robot but not an operator guiding it. We deploy our base policy
mo-DROID [4] on hardware and collect approximately 20 rollouts per task, recorded at 8-10 Hz due to policy
latency. Because the trajectories come from the policy itself, rollouts are on-policy and faithful to the states
the learner actually reaches, but we have no control over the distribution of successes and failures. Each
episode requires a rollout on the robot (¢.o110ut) followed by human annotation (fannotate)- The collection cost
per episode is roughly half that of kinesthetic-teaching data, since there is no kinesthetic teaching.

Human-video failures remove the robot from the loop entirely. A person performs the task by hand in
the same scene, producing one expert trajectory and the rest as intentional failure modes per task. Collection
is fast (thuman): it requires no robot setup, no kinesthetic teaching, and no physical replay, making it
substantially cheaper per episode than either robot-based source. However, the resulting data crosses an
embodiment gap between human hands and the robot arm, reducing its alignment to the target setting.
Trajectories are annotated with partial-credit labels by a human (tannotate). We collect 20 episodes per task
for this source.

Real2sim failures have the lowest marginal cost per episode. We use components of real-to-sim methods
such as SimFoundry [31] and Agentic Real2Sim [6] to build articulated 3D assets from the real scene and
arrange them in simulation. The upfront effort is asset generation (£asset ), Which is a one-time cost per scene.
Once the scene is built, failures are generated by scripted perturbations and labels are assigned automatically
from the simulator state, so both collection and annotation scale at near-zero marginal cost. Each task
requires only one real-world successful demonstration (obtained from kinesthetic replay) to define the task;
we then generate 29 failure trajectories and one replayed success per task. Real2sim scene construction and
failure generation are detailed in Appendix A.1.1 and Algorithm 1.

Taken together, the per-episode cost ordering is intuitively:

tcollect +treplay > trollout > thuman > tasset/N
N——— N—— N—— N——

KT RO HV R2S (amortized)

where all sources except real2sim additionally incur tannetate for human labeling. This cost structure is what
makes the scaling question meaningful: the cheaper sources can buy more data per unit of operator time,
and our experiments test whether that quantity compensates for their weaker alignment.

3.3 Reward models

We study two ways of using counterfactual supervision. We fine-tune Robometer-4B [17] with LoRA on data
pooled across all five tasks. We also use Generative Value Learning (GVL) [23], instantiated with GPT-4o,
and provide task-specific trajectories and their whole-trajectory partial-credit labels as few-shot context.
Unlike TOPReward [7], which reads progress from the probability of a completion token, GVL outputs
progress values directly, which makes it a natural fit for few-shot prompting with our partial-credit labels.
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We keep the successful robot demonstrations fixed across source comparisons, so that the main difference is
the failure supervision each source provides.

For each model, we keep the adaptation procedure fixed across counterfactual sources. We include both
models in the matched-data comparison to test whether source choice matters for both parameter adaptation
and in-context prediction. We use Robometer for the scaling, simulation-fidelity, and downstream RL
experiments, since our GVL setting accommodates only a small number of examples in its prompt. Robometer
training hyperparameters and GVL prompting details are given in Appendix A.2 and Appendix A.2.2,
respectively.

3.4 Real-world RL setup

We use real-robot RL to test whether the choice of counterfactual supervision changes the behavior learned
by a policy. We post-train the DROID checkpoint of mg with DSRL [38], which learns to steer the latent noise
of the frozen base policy. After each episode, we relabel rewards with the selected reward model, combining
its predicted progress with a sparse human success label (Appendix A.3).

From the five-task pool in Figure 1, we select three tasks spanning a range of manipulation difficulty for
the RL experiments: Remove Lid (easy: a single contact-and-lift), Pour (medium: requires controlled tilting
and sustained contact), and Stack Cups (hard: demands precise alignment and release of a deformable grasp).
We keep the base policy, warm-up rollouts, interaction budget, and optimization hyperparameters fixed across
reward conditions. We compare zero-shot my with DSRL using the base Robometer and Robometer adapted
with each of the four counterfactual sources. For each source, we use the reward checkpoint at its best data
scale from the scaling experiments (Section 4.2): ten trajectories per task for policy rollouts, human video,
and real2sim, and five for kinesthetic teaching. We evaluate each condition in 20 blind, randomized trials
with matched initial conditions and measure task success directly from the physical execution. The selected
reward checkpoints and RL hyperparameters are listed in Appendix A.3.

3.5 Offline evaluation benchmark and metrics

We use a custom offline benchmark to complement the RL experiments, since it is impractical to run online
RL for every reward-model variant across all control and scaling conditions. Offline metrics are computed on
a held-out benchmark of 5 x 50 = 250 annotated episodes: for each task, 25 zero-shot rollouts of 75 [28]
and 25 of MolmoAct2 [11], each with human-assigned partial-credit labels. No 7 rollout appears in the
benchmark, so every offline evaluation is cross-policy: counterfactuals come from 7y, an operator, a human, or
real2sim, while the reward model is evaluated on the behaviors of two other policies. No benchmark episode
is used for fine-tuning, although we use the benchmark to select the data scale of the RL reward checkpoints
(Section 3.4).

We report two primary offline metrics. Trajectory ranking (Tyeturn) measures how well the reward model
orders whole trajectories by their mean predicted progress, computed as the Kendall rank correlation between
the human-assigned partial credits and the trajectory-averaged reward, averaged across tasks. Success
detection (ROC-AUC,eturn ) measures binary success classification, treating the trajectory-averaged predicted
reward as a classifier score, with success defined as partial credit 1.0. Both metrics use the trajectory-averaged
prediction rather than the final-frame prediction, since trajectory-level scores better reflect how RL integrates
dense per-step rewards over an episode. Frame sampling and bootstrapping details are given in Appendix A.2.

4 Results

We curate our results around five research questions. We first ask whether the source of counterfactuals
affects how RL performs (RQ1). We then use the offline benchmark to study the sources at a fixed scale
(RQ2) and when scaled according to budget (RQ3), followed by simulation fidelity (RQ4) and how well the
offline metrics agree with RL (RQ5).

4.1 Real-world RL

RQ1: Can rewards learned from cheap counterfactual sources still give gains in RL?. Real-world RL is the
most direct test for reward models and also the most expensive one, so we run it on three tasks of varying
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Figure 4: Reward predictions on the three RL tasks. Base and source-adapted Robometer predictions on one benchmark
episode per task, with frames placed above the time they show; the dotted line is the human-assigned credit. Remove Lid:
every model jumps when the lid comes off. Pour (failed, credit 0.4): the base Robometer climbs to 0.77 from the cup motion
alone. Stack Cups: the base Robometer predicts around 0.5 before any cup moves. More examples are in Appendix A.4.

difficulty (Section 3.4). For each task, we compare the zero-shot policy, DSRL with the base Robometer, and
DSRL with Robometer adapted to each source over 20 trials (Figure 3).

All the counterfactual sources improve RL, including cheap sources with large domain gaps.
Averaged over the three tasks, every adapted reward improves over the base reward, from 40% to between
60% and 73.3% (Figure 3, right). Kinesthetic teaching, the costliest source, gives the highest average, but
surprisingly the cheaper sources perform competitively despite the embodiment gap in human video and
the visual domain gap in real2sim. Kinesthetic teaching is the most reliable source, but its advantage is
minuscule compared to its collection cost.

To better understand the individual results, we look at a few reward predictions from the offline benchmark
(Figure 4). On Remove Lid, every model jumps when the lid comes off, which matches the RL results staying
close to the base reward (70% to 100% vs. 80%). On Stack Cups, the base Robometer rewards the scene
rather than the task: the already stacked cups make it predict around 0.5 progress from the start, which
drops RL below the zero-shot policy (45% to 5%). Pour is less clear-cut. The base Robometer climbs to 0.77
on a failed episode from the cup motion alone, while kinesthetic teaching ends close to the label. Real2sim
stays close to the base here, yet gives one of the larger RL gains (60% vs. 35%), a gap we return to in RQ5
(Section 4.2).

Takeaway. Every source improves RL over the base reward, and the cheaper sources are competitive with
kinesthetic teaching despite their domain gaps.
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Figure 5: Matched-scale comparison of counterfactual sources (RQ2). Robometer (top) and few-shot
GVL (bottom) adapted with five trajectories per task from each source and evaluated on the held-out benchmark,
using trajectory ranking (7return, left) and success detection (ROC-AUC eturn, right). All sources improve Robometer
kinesthetic teaching helps most, and human video outperforms policy rollouts. GVL barely responds to any source.

4.2 Offline evaluation

Since real-robot RL is too expensive to run for every condition, we use the offline benchmark (Section 3.5) to
measure how source, scale, and simulation fidelity change the reward itself, and whether these metrics agree
with RL (RQ5).

RQ2: Which sources teach the reward model most at fixed scale?. Holding the data fixed at five trajectories
per task isolates what each source contributes. All four sources help Robometer (Figure 5, top). Kinesthetic
teaching gives the largest gains, but human video ranks trajectories better than policy rollouts, even with the
embodiment gap. This suggests that cheap sources still carry useful failure signal despite their domain gaps,
which may explain why they are competitive in RL. GVL, which only sees the counterfactuals as few-shot
examples (Section 3.3), barely changes with any source (Figure 5, bottom).

Takeaway. Kinesthetic teaching based coutnerfactuals improve Robometer the most, with human video second
and ahead of policy rollouts. GVL barely changes with any counterfactual source.

RQ3: Is more counterfactual data always better?. We scale each source according to its collection budget:
kinesthetic teaching stays at five trajectories per task, policy rollouts and human video go from 5 to 10 to 20,
and real2sim, the cheapest, goes up to 30 (Figure 6, left). Human video barely changes with scale, while
real2sim improves up to ten and then degrades, falling below the base Robometer at 25-30. Policy rollouts
show the sharpest effect: ten per task are as good as five kinesthetic-teaching trajectories, but twenty are
worse than no adaptation at all. Since training length grows with the amount of data (Appendix A.2), we
cannot yet separate more data from longer training. Either way, cheap sources need to be scaled carefully,
which is why our RL experiments use the best scale for each source (Section 3.4).
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Figure 6: Scaling and simulation fidelity (RQ3, RQ4). Left: Robometer adapted with increasing cheap
counterfactual data; Kinesthetic teaching at five per task (dotted) and base Robometer (dashed) for reference. Cheap
sources help up to 10 trajectories per task and can hurt beyond. Right: high-fidelity (R2S-HiFi) vs low-fidelity
(R2S-LoF1i) simulation. At small scale the two are equivalent at ten per task, only R2S-HiFi improves, showing that
visual realism matters when scaling simulated data.

Takeaway. More data is not always better. Cheap sources help up to about ten trajectories per task and can
make the reward modeling worse beyond that.

RQ4: How real does a simulated failure need to look?. How much realism a simulated failure needs depends
on how much simulated data is used. At five trajectories per task, textureless MuJoCo renderings (R2S-LoF1i)
are as useful as Gaussian-splat renderings of the real scene (R2S-HiFi) on both metrics (Figure 6, right).
Realism starts to pay off when scaling: at ten per task, R2S-HiFi improves while R2S-LoFi drops below
the base Robometer. As the two also use different simulators, this compares the full pipelines rather than
rendering alone (Appendix A.1.1).

( Takeaway. Low-fidelity simulation is enough at small scale, but realism pays off once simulated data is scaled. )

RQ5: Can offline evaluation tell us which reward to deploy?. We compare the offline metrics with the
RL results for the 15 reward and task pairs we ran on the robot (Figure 7). Trajectory ranking shows
moderate correaltion in comparison to success detection (r = 0.40, p = 0.139 for Tyetum; ¥ = 0.24, p = 0.391
for ROC-AUC,eturn). The only reward that is poor on both axes is the base Robometer on Stack Cups, so the
offline metrics can catch a broken reward, but a better offline score does not reliably mean a better reward
for RL. Closing this gap needs better offline evaluations that reflect how a reward is actually used during RL.

[Takeaway. Offline metrics catch a broken reward but do not reliably rank good ones. Better offline evaluation isj
needed.
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Figure 7: Do offline metrics predict RL success? (RQ5) Offline score vs. RL success rate for 15 (reward, task)
pairs. Treturn (r=0.40, p=0.139) tracks RL success slightly better than ROC-AUC:cturn (r=0.24, p=0.391).

5 Discussion, Limitations, and Conclusion

Improving robot policies with RL requires rewards that recognize both progress and failure. We studied
how the source and scale of counterfactual data affect these rewards and the policies trained with them.
Kinesthetic-teaching failures provide strong supervision but require substantial robot and operator time. We
showed that cheaper human-video and counterfactuals generated in simulation through real2sim techniques
approached their performance with more data, although further scaling did not consistently improve rewards.

These conclusions come with caveats. Our trainable reward model is Robometer throughout, which
already has good priors; training a reward model from scratch or adapting other VLM-based architectures may
shift the source rankings, and we leave this exploration to future work. We cover five tabletop tasks on one
embodiment, with RL on three of them—more tasks and embodiments would make the picture more complete.
Our offline benchmark uses discrete partial credits for computing metrics, but a dense human-labeled reward
curve would give more information; the cost of collecting such annotations at scale is impractical.

Our results show that a small budget of counterfactual data combined with strong priors can improve the
reward regardless of the source, and cheaper sources, when scaled carefully, can match expensive ones.
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A Appendix

The appendix gives more details on how we collect and label counterfactual data (Appendix A.1), how we
train and prompt the reward models (Appendix A.2), and how we run RL (Appendix A.3). Our robot is set
up with the droid-fr3 codebase!, the reward models are trained with the Robometer codebase?, and RL is
run with the Robometer policy-learning codebase®.

A.1 Counterfactual sources and annotation

To make data easy to inspect for all four sources, with their partial-credit labels, can be explored in our
counterfactual data explorer. It has kinesthetic-teaching failures, policy rollouts, human video, and
real2sim trajectories for all five tasks.

Partial-credit annotation. We label every trajectory with a partial credit from P = {0.0,0.2,0.4,0.6,0.8,1.0},
where 0.0 means no real progress and 1.0 means the task was completed. Values in between say on average how
the task was done. Kinesthetic-teaching, policy-rollout, and human-video trajectories are labeled by human,
while real2sim get their labels automatically from the task milestones in the simulator (Appendix A.1.2). All
four sources use the same scale.

A.1.1 Real2sim scene construction

For each task, we use one successful kinesthetic demonstration to build the same scene in two simulators:
OmniGibson for high fidelity (R2S-HiFi) and MuJoCo for low fidelity (R2S-LoFi). Both keep the robot, task
objects, initial configurations, and task definition, but they differ in rendering and in the simulator itself.

High-fidelity real2sim. The high-fidelity scene is built with parts of SimFoundry [31]. From calibrated
exterior and wrist camera recordings, we get the scene geometry, object poses, and camera alignment. Each
object is segmented and reconstructed as a textured 3D mesh with collision geometry before being imported
into OmniGibson, and a Gaussian-splat reconstruction of the workspace gives the background. We had to
define the collision geometry for hollow and thin objects (the cups, grey box, tape, and pot lid) so that
grasping, insertion, and pouring behave properly. Finally, the scene is aligned with the real robot using the
camera calibration and robot kinematics.

Low-fidelity real2sim. Instead of reconstructing the scene again, we reuse the R2S-HiFi assets. We move over
the object meshes, initial poses, robot configuration, camera calibration, and task predicates, and use the
same Franka arm and Robotiq gripper. The only catch is that we use textureless assets, and the background
is a standard simulator background with no details, unlike R2S-HiFi. This gives a visually low-fidelity version
of the exact same task, so every R2S-LoFi trajectory has a matching R2S-HiFi trajectory. Since the simulator
also changes, the fidelity ablation in RQ4 (Section 4.2) compares the two full pipelines.

Successful demonstration replay. From the successful kinesthetic demonstration, we keep the joint positions,
gripper commands, end-effector poses, and camera calibration. Long idle parts are cut out, but anything that
matters for the task, like contact, grasping, and release, is kept, with a short settling period wherever needed.
We then replay this edited trajectory in both simulators and keep it only if it succeeds and ends in a stable
state. This replay is then used to make failures with the algorithm described below (Appendix A.1.2).

A.1.2 Real2sim failure generation

We make failures by replaying the successful demonstration and perturbing it at different task stages, similar
in spirit to MimicGen [24] but for failures. First, we change the initial object configuration and retarget the
reference trajectory relative to the manipulated object. For an end-effector pose Ty g and object pose Ty o,
the new retargeted end-effector pose is

Ty s =Tiwo Two Twe, (1)

Thttps://github.com/EmbodiedForge/droid-£fr3
2https://github.com/robometer/robometer
Shttps://github.com/robometer/robometer-policy-learning
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where W, O, and E are the world, object, and end-effector frames. This keeps the end-effector in the same
pose relative to the object.

Fach failure comes from one operator applied to one task stage. The operators are truncate_before,
no_grip, collision_nudge, under_actuate, halt_mid_transport, early_release, and goal_offset.
These operators range over a set of commonly observed, realistic failures. The part of the trajectory
before the chosen stage is kept as it is, and the edited part is solved with inverse kinematics and interpolated
(Algorithm 1).

Automatic labels. Each task is split into roughly five ordered milestones (contact with the object, a secure
grasp, lifting or partial manipulation, alignment or placement, and task completion), detected from the
simulator states. The partial credit is assigned using

p=02k  ke{0,1,2,3,4,5}, (2)

where k is the number of milestones reached in order. A milestone counts only if the ones before it were
reached. A failure is kept only if the labels are agreed upon in both simulators and the final state is stable.

Algorithm 1: Real2sim counterfactual generation

Require: Successful demonstration 7; task milestones M; failure operators O; target failure count
Neajn = 29

Ensure: Selected failures D~ and successful replay 7+

// Phase 1: Prepare a validated successful replay

7 + COMPRESSIDLE(T)

Preserve contact, grasp, release, and task-critical windows

Replay 77 in MuJoCo and OmniGibson

Verify ordered milestones, task success, and stable final state

// Phase 2: Generate candidate failures

5 C<+ 0

6: while insufficient validated candidate coverage do

i Sample matched initial object-state perturbation

8: Retarget the reference trajectory in the object frame

9: Sample failure stage, operator o ~ O, and operator parameters
10: Modify the selected stage while preserving the valid prefix

11: Solve inverse kinematics and interpolate commands

12: Ty ¢ REPLAYMUJOCO(7)

13: Toa < REPLAYOMNIGIBSON(7)

14: Compute the longest ordered milestone prefix in each simulator
15: Assign p = 0.2k

16: if both simulators fail, agree on p, preserve milestone order, and terminate stably then
17: Add the candidate, reward, states, and videos to C

18: end if

19: end while

// Phase 3: Select and export the dataset
20: Cover different failure-operator outcomes and partial-credit levels
21: Select Ngyi = 29 failures using visual-diversity sampling
22: D~ + SELECTFAILURES(C, 29)
23: Export matched R2S-HiFi/R2S-LoFi videos, metadata, and rewards

24: return D, 7t
N J

Out of all the saved failures, we select 29 failures per task. The selection makes sure that diverse failure
types and credit levels are covered, using visual-diversity sampling. Together with the successful replay, this
gives 30 episodes per task in both R2S-HiFi and R2S-LoFi. Human effort is only needed once per task, to
collect the successful demo and set up the scene and milestones. Everything after that runs automatically.
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Table 2: Robometer adaptation hyperparameters. The same configuration is used for every counterfactual
source.

Parameter Configuration

Starting checkpoint Robometer-4B

Backbone Qwen3-VL-4B-Instruct

Trainable components Language-model LoRA + three Robometer heads
Vision encoder Frozen

LoRA rank / alpha / dropout 16 / 32 / 0.05

Optimizer AdamW

Learning rate 1x1074

Weight decay 0.01

Scheduler / warm-up Cosine / 10% of training steps

Adam (81, B2, €) (0.9,0.999,107%)

Maximum gradient norm 1.0

Batch size / accumulation 2/1

Precision BF16

Gradient checkpointing Enabled

Maximum sequence length 1024

Training seeds 42, 43, 44

Training steps 3N, where N is the number of training trajectories

Maximum frames per training sample 8

A.2 Reward model training

For a fair comparison, we keep the training setup for Robometer and the prompting setup for GVL fixed
across all sources. Only the counterfactual data source and its scale change.

A.2.1 Robometer

We start from the released Robometer-4B checkpoint, which uses Qwen3-VL-4B-Instruct as its backbone. We
keep the vision encoder frozen and only adapt the language model with LoRA, applied to all attention and
MLP projections. Robometer has three heads that are trained together: preference, progress, and success.
Each head is a small MLP; the preference and success heads output a single logit, and the progress head
outputs logits for ten progress bins. The full configuration is in Table 2.

Sampling and supervision. Each training data point samples up to eight frames per trajectory. Preference
pairs are built from suboptimal trajectories of the same task, rewound trajectories, trajectories from different
tasks, and reversed progress. For suboptimal trajectories, two partial-credit trajectories are paired only if
their labels differ by at least 0.2. For a failed or partial trajectory, the label only supervises the last frame,
with no progress labels in between. The rest of the progress signal comes from augmented trajectories and
successful ones. The training loss is

L= £pref + £pr0gress + Lsucces& (3)

where Lprer is a binary cross-entropy loss over the constructed preference pairs, Lprogress iS cross-entropy over
ten bins, and Lgyccess 1S @ masked binary cross-entropy, all weighted equally. For more details, refer to the
Robometer paper [17].

Training runs for 3N steps, where IV is the number of training trajectories across the five tasks, so larger
datasets also train longer. Each smaller training set is a subset of the larger ones, and R2S-LoFi always uses
the same episodes as R2S-HiFi for a fair visual-fidelity comparison.

Offline evaluation. We evaluate every model on the 250 held-out benchmark trajectories mentioned in
Section 3.5. Each trajectory is uniformly subsampled to 30 frames, and the reported metrics are computed
with 10,000 bootstrap samples.
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Table 3: GVL configuration. Seeds change the frame order, not the model.

Parameter Configuration

Model gpt-4o

Adaptation Frozen model; zero-shot or few-shot prompting
Few-shot context Five same-task trajectories per source

Target frames Up to 30, uniformly sampled

Context frames Up to 30 per example trajectory

Maximum response tokens 4096

Seeds 42, 43, 44

Output JSON with per-frame completion percentages

Table 4: Policy and observation configuration, shared by all three RL tasks.

Component Configuration

Frozen base policy piO-DROID

Flow horizon 10

Executed action chunk 8 actions

SAC noise action 8 x 32, bounded to [—2,2]

Robot-state observation 8 dimensions

Visual observation 384-D frozen DINOv2-small embedding
Policy feature 2048-D mo prefix/VLM feature
Reward-model input Left exterior view only

A.2.2 GVL

GVL is our frozen, in-context reward model. We query gpt-4o through the API, keeping the prompt and task
description fixed and only changing the in-context bank for each counterfactual source. For zero-shot GVL
results, we just use the default GVL setup to evaluate. For the few-shot setting, we sample five examples
with their assigned partial credits from each counterfactual source. While sampling, we make sure the labels
per source are well spread, giving diverse partial credits. Table 3 summarizes the settings.

For each trajectory, we sample up to 30 frames uniformly, and we do the same for each few-shot example
trajectory, which is appended with its partial credit. The evaluation frames are sent in a shuffled order, and
the model returns a JSON list with a completion percentage for every frame. The parsed output is then
divided by 100, and the completion of each frame is put back in the original order.

A.3 RL details

For all three RL tasks (Remove Lid, Pour, and Stack Cups), we share the same policy, network, and SAC
settings (Tables 4 and 5). We only change the maximum number of control steps and the number of warm-up
steps (Table 6).

A.3.1 Policy and observations

We use pi0-DROID as the base policy, which stays frozen, and only train the DSRL noise-space actor and
critics. We use the my flow horizon of ten, while SAC predicts eight noise rows and the robot executes eight
actions per transition. We copy the first two noise rows into the two unused positions. The policy uses two
cameras, one exterior and one wrist, along with proprioception and the task instruction. The reward model
uses only the exterior camera.

A.3.2 DSRL actor, critics, and SAC

We use Robometer’s adaptation [17] of the original DSRL setup [38], which changes both the actor and
critic in noise space to use DINOv2 [27] features with a chunking transformer architecture. Table 5 lists the
hyperparameters we use. For further details, refer to the Robometer policy-learning codebase (Appendix A)
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Table 5: DSRL SAC hyperparameters, shared by all three RL tasks.

Parameter

Configuration

Transformer width / heads / layers
Actor MLP

Critic MLP

Critics / critics per update

Batch size

Replay capacity

SAC train steps

256 /8 /6

[512,512], ReLU

[768,512], ReLU + LayerNorm
4/2

64

10,000 transitions

10 per rollout transition step

Critic updates per actor update 4

Actor learning rate 5x107°

Critic learning rate 1x107*
Entropy-coefficient learning rate 1x107*

Actor Adam e / weight decay 1078 /107
Critic Adam (81, 82) (0.95,0.999)
Critic Adam e / weight decay 1078 /107¢
Entropy coefficient Automatic; target entropy 0
Base discount ~ 0.995

Effective transition discount 0.995% ~ 0.9607
Target-network 7 0.005

Target update interval 1

Precision / seed FP16 / 0

Table 6: Per-task RL settings. Everything else is shared across tasks (Tables 4 and 5).

Remove Lid  Pour  Stack Cups
Max control steps 400 500 400
Warm-up steps 2,000 5,000 10,000
Online interaction steps 10,000 10,000 10,000

and the appendix of the Robometer paper [17].

A.3.3 Warm-up and online training

Each task has a different maximum number of control steps per rollout, all at 15 Hz. Before online training
starts, we collect a warm-up dataset for SAC by sampling uniform noise. Every reward condition uses this
same warm-up from scratch, so all RL runs across the different counterfactual sources start from the same
point. For the per-task max control steps, warm-up steps, and online interaction steps, refer to Table 6.

A.3.4 Reward and selected checkpoints

After each episode, Robometer scores the trajectory with its progress prediction, which is then combined
with the sparse human reward of —1 for every step and 0 when the episode ends successfully. We use one
Robometer checkpoint per source for RL, since it is trained jointly on all tasks. Since the cheap sources can
be collected at several scales, we pick the scale and seed of each source that did best offline. This ends up
being ten trajectories per task for policy rollouts, human video, and R2S-HiF1i, while kinesthetic teaching
uses five, as seen in Table 7.

A.4 Additional qualitative reward results

All reward curves, per task and per reward condition, can be found in our reward benchmark explorer.
It shows the predictions together with their human partial-credit labels, so the reward behavior can be
compared on all benchmark trajectories beyond the examples in Figure 4.

18


https://huggingface.co/spaces/anonymouslukog/robometer-benchmark-explorer

Counterfactuals for Reward Learning Johns Hopkins University

Table 7: Reward checkpoints used for RL. For each source, we use the checkpoint that performs best offline; the
same checkpoint per source is used for all three RL tasks.

Source Trajectories per task
Kinesthetic 5

Rollout 10

Human 10
R2S-HiFi 10
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