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Fig. 1: ROBOMETER Overview. ROBOMETER is trained on RBM-1M, a 1M-trajectory dataset spanning 21 robot embodiments, containing both reward-
labeled/expert trajectories and reward-unlabeled, failed trajectories. The model is supervised with a dual objective: predicting frame-level task progress
(reward) and learning trajectory-level preferences from pairwise comparisons. To help with downstream RL, it is also trained to predict per-frame task success.
This training recipe enables scalable reward learning, is validated on reward model evaluations from 6 out-of-distribution scenes collected at 3 institutions,
and supports diverse downstream applications such as offline & online RL, imitation learning data filtering and retrieval, and automated failure detection.

Abstract—General-purpose robot reward models are typically
trained to predict absolute task progress from expert demon-
strations, providing only local, frame-level supervision. While
effective for expert demonstrations, this paradigm scales poorly
to large-scale robotics datasets where failed and suboptimal
trajectories are abundant and assigning dense progress labels is
ambiguous. We introduce ROBOMETER, a scalable reward mod-
eling framework that combines intra-trajectory progress super-
vision with inter-trajectory preference supervision. ROBOMETER
is trained with a dual objective: a frame-level progress loss that
anchors reward magnitude on expert data, and a trajectory-
comparison preference loss that imposes global ordering con-
straints across trajectories of the same task, enabling effective
learning from both real and augmented failed trajectories. To
support this formulation at scale, we curate RBM-1M, a reward-
learning dataset comprising over one million trajectories span-
ning diverse robot embodiments and tasks, including substantial
suboptimal and failure data. Across benchmarks and real-world
evaluations, ROBOMETER learns more generalizable reward
functions than prior methods and improves robot learning
performance across a diverse set of downstream applications.
Code, model weights, and videos at https://robometer.github.io/.

I. INTRODUCTION

In human cognition, comparative judgments are a core
mechanism for internalizing calibrated scales [1, 2, 3], en-

abling reasoning about relative progress and outcomes rather
than isolated states. Analogously, the supervision signals used
to train robotic reward models determine how well they
internalize notions of task progress, enabling downstream
applications such as online reinforcement learning (RL) [4, 5],
imitation learning (IL) from noisy data [6, 7], automated fail-
ure detection [8], and offline RL [9]. Current general-purpose
reward models rely exclusively on absolute progress labels de-
rived from expert or reward-labeled demonstrations, providing
pointwise, trajectory-local supervision [5, 10, 11, 12].

Such labels are easy to obtain for expert trajectories—for
example, by linearly interpolating progress from 0 to 1—but
become ill-defined and costly to annotate for failed attempts,
where progress may fluctuate over time. As a result, large
amounts of suboptimal data—ubiquitous in real-world robot
learning—cannot be effectively leveraged [13]. This reliance
on trajectory-local progress supervision limits both scalability
and generalization. In this work, we address this limitation
by training reward models with an additional global supervi-
sion signal that improves generalization across embodiments,
scenes, and varying trajectory quality.

Our key insight is that preference prediction over trajectory
pairs provides a complementary form of supervision. While
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progress labels anchor reward values along individual tra-
jectories, pairwise comparisons impose ordering constraints
across diverse trajectories, tasks, robots, and viewpoints. This
formulation enables learning from previously unusable sub-
optimal data by requiring only relative comparisons—curated
without additional human annotation—rather than absolute
scores. Speci�cally, trajectory comparison supervision (1) en-
forces consistent ordering across trajectories, providing global
grounding beyond individual rollouts, and (2) scales naturally
to unlabeled failed trajectories where absolute progress is
ambiguous, resulting in better-calibrated rewards.

To instantiate our key insight, we propose ROBOMETER,
a general-purpose, video-language-input, dense reward model
trained with a dual reward-prediction objective: a frame-
level progress loss on expert data and a preference-prediction
loss over trajectory comparisons (see Figure 1). To support
downstream RL, ROBOMETER also predicts a frame-level task
success. Our ablations reveal a mutual reinforcement effect:
preference supervision improves ROBOMETER's ability to
distinguish suboptimal from successful trajectories even when
trained solely on expert demonstrations, suggesting that global
comparative constraints induce a better-structured internal
reward representation. Furthermore, as additional unlabeled
suboptimal data is introduced, ROBOMETER scales naturally
to further improve performance.

We train ROBOMETER on RBM-1M, a large-scale reward-
learning dataset which we curate, that contains over one mil-
lion trajectories collected from 21 robot platforms, including
bimanual, single-arm, and mobile manipulators, as well as
human demonstrations. Importantly, RBM-1M is intentionally
constructed to include a substantial number of suboptimal and
failed trajectories that naturally arise during real-world data
collection but are dif�cult to exploit with absolute progress-
based supervision. The scale and diversity of RBM-1M are
therefore essential for learning globally consistent preference
relations across embodiments, tasks, and viewpoints, and for
fully leveraging failure data that would otherwise be dis-
carded. In addition to training with real failure data, we
generate preference pairs using a suite of augmentations—
including video rewinding [5], sequence trimming, and cross-
task comparisons—that expose the model to diverse success-
ful and suboptimal behaviors. Across external benchmarks
and our own evaluation trajectories collected from six out-
of-distribution scenes from three institutions, ROBOMETER

outperforms state-of-the-art baselines by an average of 14%
in reward rank correlation and 32% relative improvement in
distinguishing suboptimal from successful trajectories.

Finally, we show that ROBOMETER outperforms relevant
baselines in real-world robot learning applications across a
diverse set of downstream applications that span different
learning paradigms: (1) automatic online RL, (2) of�ine
RL with noisy and expert trajectories, (3) dataset �ltering
for imitation learning, and (4) zero-shot failure detection
across multiple robot embodiments and institutions. Overall,
policy learning experiments with ROBOMETER demonstrate
2:4 � 4:5� higher success rates than the best baseline in

each category. We publicly release the ROBOMETER model,
the RBM-1M dataset, and code at https://robometer.github.io.

II. RELATED WORKS

Learning reward functions is a central problem in reinforce-
ment learning and robotics, and prior work has explored a wide
range of approaches that differ in both the form of supervision
and the scope of generalization.

Reward Learning from Demonstrations. Learning reward
functions from human supervision is a long-studied topic in
inverse RL (IRL), where reward functions are inferred from
human demonstrations [14, 15, 16, 17, 18] or from expert and
goal-state distributions [19, 20, 21, 22, 23, 24]. However, most
IRL methods require task-speci�c expert demonstrations, mak-
ing it necessary to collect new demonstrations whenever the
task or reward speci�cation changes. In contrast, ROBOMETER

trains a general-purpose vision-language-input reward model
which can generalize effectively to new tasks.

Preference-Based Reward Learning. Prior work in psy-
chology has observed that humans often use relative com-
parisons over absolute numerical scales when making judg-
ments [1, 2, 3]. This insight has been central to mod-
ern reinforcement learning from human feedback (RLHF),
where preference supervision from humans is used to learn
reward models that are only identi�able up to monotone
transformations, yet suf�cient for effective policy optimiza-
tion [25, 26, 27, 28, 29, 30, 31, 32, 33]. In contrast to these
works, which treat preferences as the primary supervision
signal to train domain-speci�c reward models, we generate
preference supervision from both synthetic and real trajectories
for which assigning progress labels is dif�cult. We use this
preference signal as an auxiliary objective that complements
direct progress prediction, enabling ROBOMETER to learn
from large, heterogeneous datasets without additional human
preference supervision. Closest in spirit, Kwok et al. [34] gen-
erate synthetic preference labels from action mean-squared-
error to train a robot action veri�er, and Venkataraman et al.
[9], Wang et al. [35] use vision-language models (VLMs) to
generate frame-level preferences as the primary supervision
signal for task-speci�c reward models. In contrast, we generate
preference supervision by comparing entire trajectories and
use it as an auxiliary signal to learn a general-purpose reward
function across tasks and embodiments.

Rewards from Foundation Models. Finally, recent work
has sought to construct more general reward functions that
operate directly on images, videos, and language. Large
language models (LLMs) and VLMs have been applied to
reward design, for example by generating executable reward
code or shaping functions from natural language descrip-
tions [36, 37, 38], directly producing reward functions [39],
or guiding reward computation via language-conditioned state
masking [40]. However, most of these approaches assume ac-
cess to privileged state information, which is often unavailable
or dif�cult to obtain in real-world robotic deployment settings.

To overcome this challenge, some approaches use task
progress as a proxy reward, either by applying pre-trained
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Fig. 2: ROBOMETER is a VLM-based reward model, that predicts dense, per-frame progress-based rewards and success labels for the �rst of
two video trajectories. To be able to train with failed, non-expert data, we also predict which of the two video trajectories better completes
the task. We use three strategies for curating training examples from our given datasets, which are further detailed in Section III-D with
model architecture shown in Appendix Figure 11.

VLMs as zero-shot progress or success estimators [6, 41, 42,
43, 44, 45, 46, 47, 48, 49, 50], or by training domain-speci�c
models with progress-prediction objectives [4, 5, 7, 41, 51, 52,
53, 54, 55, 56]. However, directly using pre-trained VLMs
for zero-shot video-language reward prediction often yields
noisy or inconsistent signals [5, 11, 57], while smaller per-task
models tend to over�t to domain-speci�c visual and semantic
features, limiting generalization.

More recent methods address these limitations by �ne-
tuning large pretrained VLMs or VLAs, enabling progress
prediction to leverage visual–semantic representations learned
from diverse data [10, 11, 12, 58, 59, 60] and demonstrating
improved sample ef�ciency for real-world RL. VLAC [10], for
example, co-trains a VLA with relative progress difference
targets, while ��0:6 [59] and Ghasemipour et al. [58] train
distance-to-goal value functions that encode task progress.
RoboReward [11] �ne-tunes a VLM to predict discretized
(1-5) progress labels generated via counterfactual instruction
labeling by closed-source VLMs, and RoboDopamine [12]
similarly �ne-tunes a VLM for progress prediction but requires
a goal image in addition to the language instruction and
task-speci�c one-shot �ne-tuning. In contrast, ROBOMETER

introduces an explicit auxiliary preference prediction objective,
enabling us to scale to datasets containing suboptimal or
failed trajectories without reward labels. Using such failed
trajectories, even as just in-context learning examples for pre-
trained VLMs, has been demonstrated to help reward models
align more closely with human-speci�ed rewards [13].

III. ROBOMETER

We propose ROBOMETER, a large-scale reward model de-
signed to provide dense reward feedback for robot learning.
Our approach rests on three pillars: a diverse 1M-trajectory
dataset (RBM-1M) which includes unlabeled failure trajecto-
ries, a pre-trained VLM backbone for cross-task generaliza-
tion, and a hybrid training objective that combines dense, per-
frame progress with global trajectory preferences.

A. RBM-1M Dataset

Notation. We de�ne the dataset D = f�i g of trajectories,
where each � = fo1:T ; l; pg contains image observations o, a
language instruction l, and a scalar progress label p 2 [0; 1]
corresponding to the progress at the end of the trajectory.
For expert demonstrations, p = 1:0; for datasets with partial
progress labels (e.g., RoboArena [61]), we use the provided
score. For unlabeled failed trajectories, we set p = None.

Data Composition. Rather than maximizing trajectory
quantity, RBM-1M focuses on viewpoint, scene, and embodi-
ment diversity. We aggregate 1 million trajectories from: (1)
Expert robot data from diverse, multi-robot sources such
as Open-X [62] and subsets of high-quality, single-robot data
such as AGIBotWorld [63]; (2) Human videos from datasets
such as Epic-Kitchens [64] for scene diversity or human-robot
paired datasets like RH20T [65] to promote embodiment-
invariant representations; (3) Simulation data from sources
like LIBERO [66]; and (4) Failed trajectories from automated
policy rollouts [67] and failure-detection datasets [68].

Our dataset overall includes 21 robot embodiments and over
1 million trajectories, hence RBM-1M. We also construct two
evaluation datasets, RBM-EVAL-ID and RBM-EVAL-OOD,
detailed in Section A-3. For further details on dataset �ltering
and aggregation, see Appendix A. We also list all dataset cate-
gories and trajectory counts in Appendix Figure 10, Table IX.

B. ROBOMETER Architecture and Tokenization

ROBOMETER instantiates a causally masked VLM,
QWEN3-VL-4B-INSTRUCT, to process either one video (for
reward inference) or a pair of videos (for preference training).

Hidden Embedding Extraction. To extract rewards with-
out disrupting the VLM's pre-trained internal representations,
we insert new, learned tokens into the sequence. We inter-
leave progress tokens (hjprogtokenji) within the �rst video
sequence and a single preference token (hjpreftokenji) at the
end of the multi-video prompt:

Tok(l; o 1; o2) ! Tok(l)hjvideo startji
�
Tok(o1

t )hjprog tokenji
� T

t=1

hjsplit tokenji
�
Tok(o2

t )
� T

t=1 hjpref tokenji;
(1)
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where hjvideostartji is the model's default image-start delim-
iter and hjsplittokenji is a separator. The causal mask ensures
that hjprogtokenji tokens attend only to the current and
previous frames of o1, producing dense, frame-level progress
estimates for online reward inference, while hjpreftokenji
attends to both trajectories to make a relative judgment. We �x
both trajectories to length T to avoid preference predictions
that rely on trajectory length as a proxy for quality. Progress
tokens are inserted only for o1 since at inference time, progress
is predicted for a single trajectory; furthermore, if we insert
progress tokens between o2 frames, they would attend to o1.

C. Training Objectives

We optimize ROBOMETER using a composite loss: L =
L pref + L prog+ L succ. This allows the model to anchor rewards
to absolute progress while learning to distinguish subtle quality
differences through trajectory comparisons across the dataset.

Preference Prediction. We train a binary classi�er,
MLPpref, on the hidden state hhjpref tokenji of the hjpref tokenji
to predict which trajectory better satis�es l:

L pref = �
h
I y=1 log �

�
MLPpref(hhjpref tokenji )

�

+ I y=2 log
�
1 � �

�
MLPpref(hhjpref tokenji )

�� i
;

(2)

where y is the ground-truth preferred trajectory.
Progress and Success. For the �rst trajectory o1, we

attach an MLP head to each hhjprog tokenji;t to predict con-
tinuous progress pt and binary success st . Similar to prior
work [5, 7, 10], we de�ne per-frame progress targets p1:T

for expert demonstration data, where the �nal target progress
p = 1. Rather than directly regressing a scalar progress value,
we discretize progress into N uniformly spaced bins over [0; 1]
and model progress prediction as a categorical distribution,
following the C51 formulation [69]. For a trajectory of length
T , the ground-truth continuous progress target at frame t is
de�ned as pt = t=T for t 2 f1; : : : ; Tg. This scalar target is
projected onto a categorical distribution over N bins using
linear interpolation between neighboring bin centers. The
progress head MLPprogress outputs a categorical distribution
p̂t 2 � N , and the progress loss is computed using cross-
entropy:

L prog =
1
T

TX

t=1

CE
�
Proj(pt ); MLPprogress(hhjprog tokenji;t )

�
:

At inference time, a continuous progress estimate is recov-
ered by taking the expectation over the bin centers, p̂t =P N

i=1 zi p̂t;i , where fzi gN
i=1 denote the �xed bin centers. Per-

frame success targets are de�ned such that st = 0 for t < T
and st = 1 for t = T . In some datasets, the human operator
stops recording a trajectory several frames after the task has
already been completed; to improve the accuracy of both
progress and success prediction, we sample 10 trajectories per
data source to determine the point at which the task actually
ends (Appendix Section A-1). We train success prediction

with binary cross-entropy on s, with balanced class weights
adjusted per-batch to account for negative sample imbalance:

L succ = BalancedBCE(s1:T ; [MLPsuccess(hhjprog tokenji;t )]1:T ):

D. Data Sampling and Augmentation

Given these losses, the ideal training regime for ROBOME-
TER would rely on large-scale, preference-labeled robot tra-
jectory datasets containing explicit progress-labeled failures.
Such failures are particularly important because, at deploy-
ment time, reward models are frequently queried on out-
of-distribution trajectories—e.g., failures induced by online
RL exploration, compounding execution errors, or noisy data
collection—that deviate substantially from the training distri-
bution. In practice, however, preference annotations over robot
trajectories are limited, and dense per-frame progress labels
for failed executions are expensive and dif�cult to obtain.
We address this limitation by constructing training inputs
(l; o1; o2) and targets y dynamically from RBM-1M using three
complementary strategies displayed in Figure 2:

1) Progress-Based Comparisons (Different Expertise). To
teach the model to distinguish execution quality, we
sample two trajectories �1; � 2 sharing an instruction l but
differing in outcome (e.g., an expert demonstration p=1
vs. an unlabeled failure p=None) or progress (p16=p2).
We set the preference target y=1 if p1>p 2 (or if � 1 is the
expert), and y = 2 otherwise. This allows ROBOMETER

to leverage unlabeled failures by contrasting them against
successful demonstrations.

2) Instruction Negatives (Different Tasks). To ensure re-
wards are grounded in the language command, we sample
� 1 and �2 with distinct instructions l16=l2. We randomly
select one instruction as the conditioning text l, set the
preference label y to the trajectory corresponding to the
selected instruction, and set the progress target pt =0 for
the other, enforcing that correct behavior for the wrong
task yields no reward.

3) Video Rewind (Augmented Failures). To explicitly
model “undoing” progress—a common failure mode in
RL—we generate synthetic preferences from a single
expert trajectory � by reversing a segment of time.
Prior work denotes this type of augmentation as video
rewind [5, 7, 70]. We sample indices 1 � t1 < t 2 < t 3 �
T to form a Chosen forward sequence oc = o t 1 :t 3 and a
Rejected rewound sequence, either or = [o t 1 :t 3 ; ot 3 �1:t 2 ]
or [ot 3 :t 1 ]. The Chosen and Rejected sequences are ran-
domly assigned to o1 and o2 to construct the preference
label. While oc targets linear forward progress, we explic-
itly penalize the reversal in or by assigning decreasing
progress targets matched to their frame indices.

Subsequence Trimming. We discourage over�tting to �xed
trajectory lengths by randomly sampling T frames with uni-
form start/end indices from the full video.

Summary. ROBOMETER builds upon a base VLM,
QWEN3-VL-4B-INSTRUCT, and inserts additional learnable
tokens to predict preference, progress, and success. We train
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Fig. 3: Video-Language Reward Confusion Matrix. For each task sampled at random from self-collected, unseen data from
RBM-EVAL-OOD, we compute rewards for all combinations of demonstration videos and language descriptions. ROBOMETER produces
the most diagonal-heavy confusion matrix, indicating strong alignment between unseen demos and instructions. We also report the column-
normalized diagonal mean under each model, which represents the fraction of the model's total reward for aligned task and video pairs.

Baselines w/ RoboReward Training Data w/ our RBM-1M data

GVL VLAC RoboDopamine RoboReward-4B RoboReward-8B ROBOMETER ReWiND ROBOMETER

(a) VOC r "
RBM-EVAL-ID 0.16 0.16 0.13 0.77 0.82 0.84 0.46 0.92
RBM-EVAL-OOD 0.21 0.17 0.08 0.88 0.88 0.93 0.51 0.95

(b) Kendall � a " RBM-EVAL-OOD 0.19 0.08 0.11 0.50 0.47 0.55 0.01 0.66

TABLE I: (a) Reward alignment (VOC Pearson r) and (b) trajectory ranking (Kendall �a ) on RBM-EVAL datasets. Baselines are split into
categories based on training data: GVL's training data (w/ GPT-5-mini) is unknown, VLAC is trained on a 300k-trajectory dataset, and
RoboDopamine is trained on a 100k-trajectory dataset. We compare ROBOMETER against RoboReward-4B/8B with their own training data,
and we also evaluate ReWiND and ROBOMETER trained with the full RBM-1M dataset. Kendall �a is not calculated for RBM-EVAL-ID
due to it only having simulation failure data.

ROBOMETER on RBM-1M, a diverse reward modeling dataset
consisting of both progress-labeled and progress-unlabeled
data, by sampling trajectory comparisons across the entire
dataset. These comparisons come from unlabeled failure tra-
jectories, comparisons across different tasks, and generated
pseudo-failures via video rewind. For additional model im-
plementation and training details, see Appendix B.

IV. EXPERIMENTS

Our experiments aim to study ROBOMETER's effectiveness
in producing rewards for robot learning. Speci�cally, we
organize our experiments to answer the following questions:
(Q1) Reward Evaluation: How well do ROBOMETER re-
wards re�ect task progress on unseen tasks and embodiments?
(Q2) Ablation + Analysis: How much does each component
of ROBOMETER contribute to reward performance?
(Q3) Policy Learning: How does ROBOMETER compare
against baselines in enabling downstream robot learning?

Baselines. We compare ROBOMETER against the strongest
set of video-language input, zero-shot-capable, and open-
sourced or API-accessible reward baselines described in Sec-
tion II. We list a dataset size comparison table for baselines
and related papers in Appendix Table VI.
� VLAC-8B [10] trains a VLA that predicts actions and

rewards on a dataset of 300k human and robot trajectories.
We compare against their larger 8B parameter checkpoint.

� GVL [6] prompts a pre-trained closed-source LLM with
shuf�ed video frames to predict task progress for subsam-
pled frames across the video sequence. We use GPT-5 mini
as it is the best-performing closed-source model on the
RoboRewardBench reward evaluation benchmark [11].

� ReWiND [5] trains a small transformer-based network
with a direct progress prediction objective along with

video rewinding to simulate failed policy rollouts. We train
ReWiND with RBM-1M to maximize its zero-shot capability.

� RoboDopamine-3B [12] �ne-tunes a VLM for reward pre-
diction via “frame hops” comparing forward and rewound
frames. Although it is designed for reward prediction con-
ditioned on a goal image and instruction, we evaluate in our
zero-shot setting without a goal image for fair comparison.

� RoboReward-4B/8B [11]: Fine-tunes a Qwen-3-VL 4B/8B
VLM for discrete (1-5) progress prediction on a dataset
consisting of data from OXE [62] and RoboArena evalua-
tions [61]. Generates counterfactual instructions via closed-
source VLMs to simulate failed trajectories.

Custom Evaluation Datasets. We train ROBOMETER, and
certain baselines when applicable, on the aforementioned
RBM-1M dataset. Prior large-scale reward modeling baselines
mainly evaluate on validation or test set versions of the
datasets they train on [5, 10, 11, 12], which contain in-
distribution arms, camera angles, or scenes. Instead, we collect
our own evaluation dataset, RBM-EVAL-OOD, consisting of
976 trajectories collected from 3 academic institutions that are
guaranteed not to be in the training data of any baseline, con-
sisting of 6 embodiments (including human hands), 3 of which
are not in RBM-1M, collected across diverse camera angles. We
also aggregate an in-distribution test split of unseen trajectories
collected from datasets in RBM-1M, denoted RBM-EVAL-ID.
See more evaluation dataset details in Section A-3.

Q1: Reward Evaluation

As detailed in Section III-B, our focus is on training a re-
ward model which: (1) generalizes to new tasks, embodiments,
and domains while (2) providing reward feedback useful for
policy learning. We structure this subsection to highlight
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