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Abstract

We present PROGRESSOR, a novel framework that learns
a task-agnostic reward function from videos, enabling pol-
icy training through goal-conditioned reinforcement learn-
ing (RL) without manual supervision. Underlying this re-
ward is an estimate of the distribution over task progress
as a function of the current, initial, and goal observations
that is learned in a self-supervised fashion. Crucially, PRo-
GRESSOR re nes rewards adversarially during online RL
training by pushing back predictions for out-of-distribution
observations in order to mitigate distribution shift inherent
in non-expert observations. Utilizing this progress predic-
tion as a dense reward together with an adversarial push-
back, we show that PROGRESSOR enables robots to learn
complex behaviors without any external supervision. Pre-
trained on large-scale egocentric human video from EPIC-
KITCHENS, PROGRESSOR requires no ne-tuning on in-
domain task-speci ¢ data for generalization to real-robot
of ine RL under noisy demonstrations, outperforming con-
temporary methods that provide dense visual reward for
robotic learning. Our ndings highlight the potential of
PROGRESSOR for scalable robotic applications where di-
rect action labels and task-speci ¢ rewards are not readily
available.

1. Introduction

Practical applications of reinforcement learning (RL) re-
quire that a domain expert design complex reward models
that encourage desired behavior while simultaneously pe-
nalizing unwanted behavior [34, 37, 38]. However, manu-
ally constructing dense rewards that enable effective learn-
ing is dif cult and can yield undesired behaviors [5, 14].
Sparse rewards require far less effort, but the sparsity of
supervision typically results in a signi cant loss of sample
ef ciency. These issues are exacerbated for long-horizon
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Figure 1. Trained in a self-supervised manner on expert videos,
PROGRESSOR predicts an agent’s progress toward task comple-
tion, providing a reward signal for reinforcement learning. During
online reinforcement learning, we employ an adversarial technique
to re ne this reward estimate, addressing the distribution shift be-
tween expert data and non-expert online rollouts.

tasks, where credit assignment is particularly dif cult.

A promising alternative is to learn effective rewards
from unlabeled (i.e., action-free) videos of task demonstra-
tions [2, 8, 19, 25, 29, 41]. Large-scale video data is readily
available on the internet, providing a effective alternative to
costly, intensive task-speci ¢ data collection. An effective
way to incorporate diverse video data into a single model
without learning a new policy for each task is to condition
the model on a goal image that visually speci es the desired
environment changes upon task completion [9, 25].

To that end, we propose PROGRESSOR, a self-supervised
framework that learns a task-agnostic reward function from
videos for goal-conditioned reinforcement learning that
only requires image observations, without the need for cor-
responding action labels. Following Yang et al. [41], we as-
sume that expert demonstrations make monotonic progress
towards the goal and employ a self-supervised temporal
learning approach that utilizes a proxy objective aimed at
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estimating task completion progress. PROGRESSOR pre-
dicts the distribution of progress of the current observa-
tion (i.e., the current image) relative to the initial and goal
observations. This estimation provides dense supervision
of an agent’s progression toward reaching the goal—and
thereby completing the task—guiding exploration in align-
ment with expert execution trajectories. However, during
RL exploration, agents will often encounter states that were
not visited as part of the expert trajectories. PROGRES-
SOR accounts for this distribution shift via an online ad-
versarial re nement that pushes back predictions for out-
of-distribution observations.

We evaluate the effectiveness of PROGRESSOR on robot
manipulation tasks in both simulation and the real world.
These results demonstrate the the bene ts that PROGRES-
SOR’s self-supervised reward has on policy learning, partic-
ularly in settings where existing methods otherwise require
intricate reward design. Additionally, PROGRESSOR can be
used in imitation learning with suboptimal demonstrations
to guide the learning of optimal task execution. The key
contributions of this paper are as follows:

e We present PROGRESSOR, a self-supervised reward
model trained on unlabeled videos that guides a reinforce-
ment learning agent by providing dense rewards based on
predicted progress toward a goal.

* PROGRESSOR achieves state-of-the-art performance on
six diverse tasks from the Meta-World benchmark [44]
without the need for environment reward.

« Pretrained on large-scale egocentric human videos from
EPIC-KITCHENS [6], PROGRESSOR enables few-shot
of ine learning on real robots, even in scenarios where
half of the demonstrations are unsuccessful.

2. Related Work

Learning from expert videos has gained traction due to the
potential to scale the acquisition of complex skills using the
vast amount of video content readily available online.
Inverse RL Inverse reinforcement learning (IRL) is
a framework for learning reward functions from expert
demonstrations as an alternative to specifying them man-
ually. In contrast to traditional RL, where the reward func-
tion is prede ned and the goal is to learn an optimal pol-
icy, IRL focuses on deducing the underlying reward struc-
ture that results in the expert’s behavior [1, 40, 47]. Re-
cent IRL methods leverage adversarial techniques to learn
reward functions [10, 11, 23], such as in Generative Adver-
sarial Imitation Learning (GAIL) [18]. A key limitation of
typical approaches to IRL is that they require action-labeled
demonstrations, which are only available in small quanti-
ties. Another is the ambiguity that results from having mul-
tiple rewards that can explain the observed behavior [27],
potentially leading to ill-shaped reward functions. In con-
trast, our notion of progress enables the learning of well-

shaped dense rewards.

Imitation learning from video Several methods [4, 45]
infer an inverse dynamics model from a small amount of
action-annotated videos and then use this model to pseudo-
label large-scale action-free videos for policy learning.
Other methods employ hand pose estimation as an inter-
mediate annotation followed by standard imitation learn-
ing [3, 32], but they are sensitive to the accuracy of the pose
estimators and rely on camera calibration.

Learning reward from video Recent methods learn vi-
sual representations useful for RL from video data using
self-supervised temporal contrastive techniques [9, 25, 29,
36, 42]. Time-contrastive objectives treat observations close
in time as positive pairs and those that are temporally distant
as negative pairs. They then learn embeddings that encour-
age small distances between positive pairs and large dis-
tances between negative pairs. The learned embeddings can
then be used to de ne reward functions, i.e., as the distance
from the goal image in embedding space. Time-contrastive
objectives can be sensitive to frame rate, and extracted re-
wards are assumed to be symmetric [25]. In comparison,
our approach is agnostic to the sampling rate and can learn
asymmetric dynamics depending on the speci ed initial and
goal images.

Additionally, generative approaches have been used for
reward learning. VIPER [8] estimates the log-likelihood of
an observation and uses it as a reward function by training
on an expert dataset using a VideoGPT-based autoregres-
sive model. Similarly, Huang et al. [19] employ a diffusion-
based approach to learn rewards by leveraging conditional
entropy. However, these methods necessitate costly genera-
tive processes to estimate rewards.

Particularly relevant, Rank2Reward [41] demonstrates
that learning the ranking of visual observations from a
demonstration helps to infer well-shaped reward functions.
By integrating ranking techniques with the classi cation
of expert demonstration data vs. non-expert data obtained
through on-policy data collection, Rank2Reward guides
robot learning from demonstration. A key limitation of
the method is that it necessitates training distinct models
for each task due to the task-dependent nature of ranking
frames. In contrast, our approach employs a single reward
model for all tasks. Additionally, we utilize an adversar-
ial training approach that tackles the domain shift observed
during online RL, rather than incorporating a separate clas-
si er as used in Rank2Reward.

3. Preliminaries

We formulate our method in the context of a nite-horizon
Markov decision process (MDP) M de ned by the tuple
(0,A,P,R, , o) that represents the observation space,
action space, transition probability function, reward func-
tion, discount factor, and initial state distribution, respec-
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tively. The agent starts from an initial state with observation
0p O and at each step performs an actiona  A.

The fundamental objective in RL is to learn an optimal
policy  that maximizegsthe expected discounted reward,
ie, =agmax E [ ._,( ' 'R(0n)]

In this work, we assume a fully observable environ-
ment, where each observation o, RH>W>3 corresponds
to a high-dimensional RGB image. We assume access to
a dataset D = { k}{z‘zl of expert demonstrations, where
each demonstration  is a trajectory (sequence) of obser-
vations , = {0y, 04%,...,0.k}.

However, we assume that neither the reward function R
nor the demonstrated actionsa; A are known. This setup
mirrors the real-world robot task-learning scenario in which
we have a plethora of videos of human-performed tasks,
without knowledge of the human actions or the rewards be-
ing received. Indeed, the primary objective of this paper is
to construct a model capable of predicting a well-structured
dense reward from a dataset of expert demonstrations, with-
out access to demonstrated actions or rewards. This model
can subsequently serve as a reward estimating mechanism
when training an agent using online RL in the absence of
any environment rewards.

4. Method

We propose to learn a uni ed reward model via an en-
coder E (0j, 0j, 0g) that estimates the relative progress of
an observation oj with respect to an initial observation o;
and a goal observation og, all of which are purely pixel-
based. Figure 2 illustrates PROGRESSOR’s framework for
task progress estimation. Here, the objective is to learn the
temporal ordering of observations that lead to the correct
execution of a task. By learning this progress estimation,
we can create a reward model that incentivizes progress to-
ward the goal. Similar to Yang et al. [41], our method relies
on the assumption that the values of states in optimal poli-
cies increase monotonically towards task completion.

4.1. Learning the Self-Supervised Reward Model

We measure an observation o;’s progress towards a goal in
terms of its relative position with respect to the initial obser-
vation o; and the goal observation og4. In order to learn this
progress estimate, we rst represent the relative position of
an observation oj within an expert trajectory  as

il
lg il

Here, (oik,ojk,ogk) calculates the ratio of the relative
frame position differences between o and o; and between
0g4 and o; within a given expert trajectory . This progress
label is always such that (0;*, 0;*, 04<) [0, 1].

(Oik, Ojk,ng) =

@)

Predicting progress based on real-world video is chal-
lenging due to factors like camera motion and repet-
itive sub-trajectories. We address this by formulating
the problem as one of estimating a Gaussian distribution
over progress, allowing the model to represent the uncer-
tainty in the estimate. With this approach, we approxi-
mate the ground-truth distribution for a triplet of frames
(0;*, 05", 04<) within a video  as a normal distribution
with mean g, = (0;%, 05, 04) and standard deviation

« = max(ghy, )

ptargEt(Oika Ojkvogk) =N H K? 2k (2)

Our upper-bound of | downweights the penalty for
triplets in which there are many frames between the initial
and goal images, which we empirically nd to improve ro-
bustness during training.

We optimize our reward model r to predict the distribu-
tion of progress on the expert trajectories. The architecture
consists of a shared visual encoder to compute the per-frame
representation, followed by several MLPs to produce the -
nal estimate:

E (0i,0j,09) =N p, 2 . (3)

Following Kingma and Welling [22], we estimate log 2
and then compute as = exp 0.5log 2 . We learn
the parameters of the network by optimizing the Kullback-
Leibler divergence loss between the ground-truth and the
predicted distributions:

Lexpert=DkL Ptarget 0", Ojkyogk E Oikyojkaogk (4)

During training of our reward model r , we randomly se-
lect and rank three frames from a video sequence of expert
trajectories as a training triplet. Additionally, since these
triplets can be randomly drawn from any trajectory within
the dataset of different robotics tasks, a single reward model
suf ces to handle a variety of tasks.

Using the Reward Model in Online RL: Due to the
monotonic nature of task progress in our problem formula-
tion, the estimates derived from the trained model can serve
as dense rewards for training, replacing the unknown true
reward. We create the reward model by de ning a function
in terms of the model’s predicted outputs given a sample
triplet of frames (0j, 0;, 0g) from a trajectory as:

r(0i,05,09) =1 H(N(K 2), ®)

where r denotes PROGRESSOR’S reward estimate and H is
the entropy. The rst term W in Eqn. 5 uses the mean pre-
diction from the progress estimation model to determine the
position of the current observation relative to the goal. The
second term penalizes observations that yield high variance.
Here, is hyperparameter, which we setto = 0.4 in all
our experiments.
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Figure 2. Top Left: Initial phase of reward model pretraining on expert data, where the model learns to predict the parameters of a Gaussian
distribution centered on normalized progress, re ecting expected progress as demonstrated by experts. Top Right: In online reinforcement
learning (RL) training, an adversarial online re nement (i.e., push-back) is applied to counteract non-expert predictions made by the reward
model, effectively distinguishing expert from non-expert progress. Bottom: During online RL, the reward model is updated on expert and

non-expert data.

4.2. Adversarial Online Re nement via Push-Back

Our reward model r can be used to train a policy that max-
imizes the expected sum of discounted rewards as:
" #
X
= arg max E Y 'r (0; ,0p ,04) (6)
t=1

The reward encourages the agent to take actions that align
its observed trajectories  with those of the expert demon-
strations , thereby promoting task completion. However,
the all-but-random actions typical of learned policies early
in training result in out-of-distribution observations relative
to the expert trajectories. As a result, optimizing the pol-
icy using a reward r that is only trained on an expert tra-
jectory can result in unintended behaviors, since r does
not re ect the actual progress of . To tackle this distri-
bution shift, we propose an adversarial online re nement
strategy [12, 13], which we refer to as “push-back”, that
enables the reward model r to differentiate between in-
and out-of-distribution observations from and , improv-
ing estimation accuracy. Speci cally, for a frame triplet

(0i*, 05, 0g*) sampled from | and the estimated progress
n fromE (3), weupdate E sothatit learns to push-back

Algorithm 1 Training PROGRESSOR with Online RL

Require: Expert demonstration data De = { K}k,

1: Initialize policy , empty replay buffer Drg

2: Initialize reward model r .

3:

4: for stepnin {1, ..., Npretrain} do

5: Sample triplets (o;*, 0;", og<) from De

6: Learn r with objective Eqgn. 4

7: end for

8:

9: forstepnin{l,...,N}do
10: With , collect transitions { |}{‘il and store in Drp
11 if n % reward_update_frequency == 0 then
12: Update r with Eqn. 4 using samples from D¢
13: Update r with Egn. 7 using samples from Drg
14: end if
15: Sample batch of transitions s from Drg
16: Update to maximize returns using Egn. 5
17: end for

[0, 1] is the decay
= 0.9 (see Section 10

the current estimate as [, where
factor. In our experiments, we use
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Figure 3. Visualization of the robotic tasks: (a—d) Real world envi-
ronments with a UR5 arm, (e—j) simulation environments for eval-
uation using the Meta-World [44] benchmark.

for an ablation of ). We formulate our online re nement
objective as:

1
Mg i

Lpush-back = DkL  Ppush-back E Oikyojk,ogk , (N

Ppush-back = Sg N

where sg(+) denotes the stop gradient operator. With this
approach, we differentiate between the two sources of tra-
jectories by treating observations from the (inferior) online
roll-out trajectories  as corresponding to lower progress
compared to expert trajectories . In this case, optimizing
for  would encourage the agent to consistently improve
its actions until the policy trajectories are well aligned with
the distribution of expert trajectories .

During online training, we ne-tune E (3) using hybrid
objectives: we optimize Lpysh-nack based on | sampled from
the most recent buffers and at the same time, we optimize
Lexpert Using samples from , preventing E from being
biased by .

5. Experimental Evaluation

We evaluate the effectiveness with which PROGRESSOR
learns reward functions from visual demonstrations that en-
able robots to perform various manipulation tasks in sim-
ulation as well as the real world. The results demonstrate
noticeable improvements over the previous state-of-the-art.

5.1. Simulated Experiments

In our simulation experiments, we use benchmark tasks
from the Meta-World environment [44], selecting six
table-top manipulation tasks (Figure 3 e—j): door-open,
drawer-open, hammer, peg-insert-side,
pick-place, and reach. For all tasks, we train the
model-free reinforcement learning algorithm DrQ-v2 [43]
using the reward predicted by PROGRESSOR in place of the
environment reward.

We compare our method to ve baselines. TCN [35] is
a temporal contrastive method that uses optimized embed-

dings to measure task progress. GAIL [17] is an adver-
sarial approach that aligns the state-action distribution of a
policy with that of an expert. GAIL’s discriminator is used
as a reward function for our baseline following Yang et al.
[41]. SOIL [33] jointly trains an inverse dynamics model
and policy by predicting actions from state-only demonstra-
tions. ROT [15] leverages optimal transport to match the
expert and agent’s trajectory to provide extra regularization
for robot learning. Finally, Rank2Reward [41] is a state-
of-the-art reward learning method that combines temporal
ranking and classi cation of expert demonstrations to es-
timate rewards. Unlike our method, which uses a single
model for all tasks, Rank2Reward requires a separate model
for each task and needs an additional classi er for online
adaptation.

We collected 100 expert trajectories for each of the six
tasks using the Oracle from Meta-World. All methods were
trained for 1.5 million steps, relying solely on the reward
estimates produced by their respective models. To ensure
a fair comparison, we used the default hyperparameters re-
ported for each method under the same experimental setup.

We evaluate performance using episodic return, which
measures the cumulative reward an agent receives during
each episode. To ensure robustness, we average the episodic
returns over ve different seeds for both our approach and
the baselines. This setup enables a comprehensive and con-
trolled comparison across all tasks, allowing us to assess the
impact of our proposed method in a simulated environment.

We present the results in Figure 4. Our method sig-
ni cantly outperforms the baseline methods across most
tasks, with a notable advantage in ef ciency. In the
drawer-open and hammer tasks, P ROGRESSOR re-
quires only 10% of the total training budget to achieve
higher rewards than the baselines. In the door-open and
peg-insert-side tasks, where almost all other meth-
ods fail entirely, our approach demonstrates strong perfor-
mance and a higher success rate.

Ablating Push-back We examine the impact of adver-
sarial online re nement via push-back in our framework.
Across various tasks (Figure 4), we nd that online push-
back signi cantly enhances PROGRESSOR’s performance,
particularly on challenging tasks such as door-open and
hammer. These tasks demand more precise discrimina-
tion between expert behavior and online roll-outs to pro-
vide an informative reward signal. Notably, PROGRESSOR
without push-back still outperforms every baseline on the
drawer-open and reach tasks.

In the case of the reach task, we observe that P RO-
GRESSOR with push-back shows a decrease in return as
training progresses, a trend that is less pronounced in the
version without push-back. We hypothesize that this occurs
because the model initially achieves a high success rate—
reaching a peak with only 10% of the total steps—Ileading



(a) The evolution of the episodic reward
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(b) The evolution of the success rate

Figure 4. Visualization of policy learning in the Meta-World [44] simulation environment. We compare PROGRESSOR t0  ve contemporary
baselines on six diverse tasks of various levels of dif culty. We also run PROGRESSOR without online push-back as an ablation. We follow
the standard evaluation protocol and plot the mean and standard deviation of (left) the environment reward during training and (right) the
task success rate from ten rollouts averaged over ve seeds. PROGRESSOR demonstrates clear advantages in both metrics, especially at

early stages of training.

the re nement process to overly penalize the agent even
when its behavior closely resembles the expert.

Online training with non-expert data is crucial for robust
performance. TCN, which is only trained on expert demon-
strations without online updates, fails at every task due to
the domain shift between pretraining and online RL.

5.2. Real-World Robotic Experiments

Going beyond simulation, we use experiments with a real-
world manipulator to demonstrate how PROGRESSOR, pre-
trained on the egocentric EPIC-KITCHENS dataset [6, 7],
can ef ciently learn robotic tasks from a limited number of
demonstrations, even when some are unsuccessful. Our ap-
proach enhances sample ef ciency and robustness to noisy
data in of ine RL, making it more effective than traditional
behavior cloning (BC) methods.

5.2.1. Pretraining on Kitchen Dataset

Using ResNet34 [16] as a backbone, we rst pretrain our
encoder E to minimize Lexperr (EQn. 4) using the PO1-
P07 sequences from the EPIC-KITCHENS dataset that con-
sist of approximately 1.29M frames. We randomly sample
frame triplets (0j, 0j, 0g) from the videos ensuring a maxi-
mal framegap i ¢ 2000. To improve the robustness

Task Behavior of Failed Demonstrations

The robot approaches the drawer
but misses the handle by a few cen-
timeters, failing to open it.

Drawer-Open

The robot misses the drawer by a

Drawer-Close few centimeters, failing to close it.

The robot moves the block halfway
toward the target cup but stops be-
fore reaching it.

Push-Block

The robot lowers to pick up the cup
but misses it by a few centimeters
and remains in that position.

Pick-Place-Cup

Table 1. Failure modes in the collected suboptimal trajectories for
the real-world robotic experiments. For each task we collected 20
failed demonstrations to go with the 20 expert demonstrations.

of E , we additionally train with distractor frames where
we replace the current observation o; with a frame o; ran-
domly sampled from a different video sequence as a nega-
tive example. For negative triplets, we replace p in Egn. 3
with 1 as the label. We train our model with batch size



Figure 5. Success rates for four real-world tasks, where RWR-
ACT is trained on a combination of correct and failed demonstra-
tions using PROGRESSOR, GVL, R3M, and VIP as reward models.

128 for 30000 iterations using the Adam optimizer [21] with
constant learning rate 2e 4.

5.2.2. Baselines

We compare PROGRESSOR with GVL [26], R3M [28], and
VIP [24]. VIP and R3M are self-supervised visual represen-
tations shown to provide dense reward functions for robotic
tasks. GVL frames value estimation as a temporal order-
ing task over shuf ed video frames, leveraging pretrained
vision-language models (VLMs). To compare with GVL,
we use Gemini-1.5-Pro as the VLM following Ma et al.
[26]. R3M is trained via time contrastive learning, where
the distance between frames closer in time is smaller than
for images farther apart in time. Additionally, they lever-
age L1 weight regularization and language embedding con-
sistency losses. VIP uses a contrastive approach treating
frames close in time as negative pairs and those farther away
as positive pairs towards learning visual goal-conditioned
value functions. For fair evaluation, we pretrained both
R3M and VIP on the same EPIC-KITCHENS subsets that
our method was trained on.

5.2.3. Real-World Few-Shot Of ine Reinforcement
Learning with Noisy Demonstrations

Following the of ine reinforcement learning experiments
of Ma et al. [24], we use the reward-weighted regression
(RWR) method [30, 31]. Our aim in applying RWR is to
show that a reward model trained on human videos can
help robots learn to perform tasks even when the training
data contains noisy, suboptimal trajectories. In scenarios
with highly suboptimal trajectories, vanilla behavior lloning
(BC) approaches often struggle to learn performant poli-
cies, essentially regressing to the mean [20]. However, goal-
conditioned reward weighting provides a signal that focuses
learning from the correct sub-trajectories, enabling the vi-
sual imitation learning model to effectively learn accurate
action executions.

To this end, we start with a vanilla BC model and
adapt the loss function to be weighted by a pretrained re-
ward model. Speci cally, we employ Action-Chunking

Transformer (ACT) [46], a BC model designed for learn-
ing ne-grained manipulation tasks. We modi ed ACT’s
reconstruction loss—originally de ned as the mean abso-
lute error between the predicted action and the ground-truth
action—to incorporate RWR as follows:

Lreconst = exp( - T)-

act(0j) @ 4, (8)

where T is the reward prediction for the current observa-
tion 0, isatemperature parameter, a; is the ground-truth
action, and  act(0j) is the action predicted by ACT by tak-
ing the current observation image (0;) as input. We refer to
ACT trained with the reconstruction loss in Equation 8 as
RWR-ACT, to distinguish it from the standard ACT.

We compare PROGRESSOR with GVL, R3M and VIP by
freezing the pretrained models and using them as reward
prediction models to train RWR-ACT on downstream robot
learning tasks. We use the reward predictions from these
models in place of u in Equation 8. In both VIP and
R3M, the reward prediction is parameterized by the cur-
rent observation, previous observation, and goal observa-
tion. Following Ma et al. [24], we de ne the reward for
a given transition tuple (0¢, O¢+1) as R(0¢, O¢+1; ,0g) =
S (0t+1;0g9) S (0t;0g), where S is the distance func-
tion in the -representation space extracted from VIP and
R3M, de nedasS (0¢;0q) := (op) Q) 2.

In contrast, our method parameterizes reward using the
initial observation, current observation, and goal observa-
tion. Additionally, we include vanilla ACT as a baseline,
which applies uniform weighting (i.e., = 0) across all
observations in the training trajectories.

We design four tabletop robotic manipulation tasks
(Figure 3 a-d): Drawer-Open, Drawer-Close,
Pick-Place-Cup, and Push-Block. For each task,
we collect 40 demonstrations, half of which are suboptimal
and fail to complete the task. Table 1 summarizes the behav-
iors in failed demonstrations. Including these failed demon-
strations is crucial for evaluating whether the learned re-
ward model can accurately signal progress toward a goal by
assigning high reward to transitions that lead toward com-
pletion and low reward to those that do not. We categorize
Drawer-Close as an easy task and the other three as hard
tasks. This distinction in dif culty is based on the complex-
ity of the tasks and the level of suboptimality in the failed
demonstrations. Section 9 provides detailed task and data
descriptions along with frame sequences from both success-
ful and failed trajectories.

We train all policies using the same hyperparameters em-
ployed by Zhao et al. [46] for training ACT in their real-
world behavior cloning experiments (see Section 9.4 for
more details). For all RWR experiments, we set = 0.1.
We evaluate each method over 20 rollouts and report the
success rate considering the criteria in Table 4.

The results presented in Figure 5 highlight the signi cant
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Figure 6. Estimated progress curves for correct and

wl
(c) R3M

(d) VIP

demonstrations in the Push-Block task from P ROGRESSOR, GVL[R1],

R3M, and VIP. PROGRESSOR exhibits the most distinct separation for incorrect demonstrations, contributing to the superior performance

advantage of PROGRESSOR-RWR-ACT, which on average
outperforms all baseline methods. This advantage is partic-
ularly pronounced on the more challenging tasks, such as
Push-Block and Open-Drawer, for which other meth-
ods struggle. While GVL-RWR-ACT performs comparably
to PROGRESSOR-RWR-ACT on the Pick-Place-Cup
and Close-Drawer tasks, its performance drops sig-
ni cantly on the more challenging Open-Drawer and
Push-Block tasks. Similarly, R3M-RWR-ACT and VIP-
RWR-ACT show moderate success on simpler tasks, such
as Drawer-Close, yet their performance drops signif-
icantly for the Push-Block and Open-Drawer tasks.
As shown in Figure 6, PROGRESSOR provides signi cantly
more accurate progress estimates for both failed and suc-
cessful trajectories compared to GVL, R3M, and VIP, par-
ticularly starting from around step 55 when the robot starts
to deviate from the goal observation. This supports our hy-
pothesis that PROGRESSOR provides more distinct reward
weighting for both correct and failed trajectories compared
to the baselines. Vanilla ACT performs poorly, especially
on dif cult tasks. Since ACT assigns equal weight to all
sub-trajectories, it cannot prioritize better transitions or |-
ter out noise effectively, leading to poor performance.
Figure 7 shows reward predictions for a sample frame
sequence from EPIC-KITCHENS and a trajectory from our
Pick-Place-Cup robot task. The gure shows that,
despite being pretrained solely on human videos, PRrRo-
GRESSOR generates well-formed reward predictions for the
robotic task in a zero-shot setting.

6. Conclusion

In this work, we presented PROGRESSOR, a self-supervised
framework that learns task-agnostic reward functions from
video via progress estimation. By learning to estimate
progress between observations in expert trajectories, PRO-
GRESSOR generates dense rewards that effectively guide
policy learning. During online RL training, PROGRESSOR
further re nes this progress estimation through an adversar-

Frame Index
(a) The evolution of the episodic reward on human video

Frame Index
(b) The evolution of the episodic reward on robot video

Figure 7. Visualization of the predicted rewards from Epic
Kitchen pretrained PROGRESSOR, evaluated on a sample clip from
EPIC-KITCHENS (top) and on sample frames from an unseen
Pick-Place-Cup demonstration on our robot (bottom).

ial push-back strategy, helping the model handle non-expert
observations and minimize distribution shift. Our method
outperforms previous state-of-the-art approaches across a
range of simulated experiments. Through real-world exper-
iments, we show that by pretraining on in-the-wild human
videos, PROGRESSOR enables robots to learn from limited
and noisy task demonstrations, outperforming other visual
reward models. Meanwhile, our framework opens several
avenues for future improvement. Currently, it assumes that
progress is monotonic, which may not be valid for all tasks.
One means of relaxing this assumption may be to learn a
multimodal or cycle-aware model of task progress. Another
direction for future work is to employ a dynamic weighting
factor for re nement, which may further enhance perfor-
mance.
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