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Abstract: This paper addresses the Human-to-Robot (H2R) transfer problem
by introducing Affordance-Guided Reinforcement Learning (AGRL), a frame-
work that enables robots to learn manipulation policies from unstructured human
videos. Our key insight is to use scene affordances,learned from large-scale ego-
centric datasets like EPIC-KITCHENS—as a transferable, semantic reward signal
to guide robot policy learning in benchmarks like RLBench. Experiments show
that AGRL significantly outperforms prior learning-from-observation methods in
both success rate and sample efficiency, providing a scalable pathway for translat-
ing human experience into robot skills without demonstrations.
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1 Introduction

The ability to learn by observing others is a cornerstone of human intelligence. For robots to become
truly capable and ubiquitous assistants in human environments, they must acquire this same capa-
bility, learning complex manipulation skills from the vast and readily available resource of human
video data [1]. This fundamental problem, known as Human-to-Robot (H2R) transfer, is hindered
by a significant domain gap—the stark differences in perspective, embodiment, dynamics, and vi-
sual appearance between a human demonstrator and a robotic learner [2]. While a human can watch
a video of someone making coffee and then perform the task themselves, a robot faces the im-
mense challenge of translating those pixels into a sequence of feasible motor commands for its own
unique body. Closing this gap requires progress across interconnected areas: sensorizing humans
to capture rich, naturalistic data; modeling human behavior to infer intent from observations; and
developing robust robot learning algorithms that can utilize this derived understanding.

A promising path across this gap is through the concept of affordances. Originally introduced
by Gibson [3], affordances describe the actionable possibilities that an environment offers to an
agent; a chair affords sifting-on, a knob affords turning, and a cup affords grasping. Affordances
provide a powerful abstraction because they are inherently relative to the agent’s capabilities yet
can be perceived from visual scenes [4]. We posit that affordances form a shared representation
between human and robot. While the specific way a human grasps a cup (with fingers) differs from
a robot (with a parallel jaw gripper), the affordance of graspability of the cup’s handle is a common,
transferable concept. Therefore, a model that can perceive affordances from human video can, in
principle, guide a robot’s learning process by highlighting what actions are possible and where to
perform them, effectively shaping the robot’s exploration and policy learning [5].

In this paper, we introduce a framework for learning robotic manipulation policies by first learning a
model of scene affordances from unstructured egocentric video—video captured from a first-person
perspective. This data, from datasets like EPIC-KITCHENS [6], provides a unique window into
human activities, densely packed with hand-object interactions and rich contextual cues about how
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humans perceive and act upon their world. Our approach is two-stage: first, we train an Affordance
Prediction Network (APN) on human video to identify and localize actionable regions and their
associated verb labels. Second, we use this pre-trained model to provide a dense reward signal for
a robot learning a policy via Reinforcement Learning (RL). By rewarding the robot for moving
its end-effector towards high-affordance regions relevant to the task, we achieve more efficient and
effective policy learning in benchmark simulations like RLBench [7] compared to learning from
sparse rewards alone. This work demonstrates that affordances, learned from in-the-wild human
experience, can serve as a crucial bridge for translating human observation into robot action.

2 Literature Review

Our work sits at the intersection of learning from demonstration, computer vision, and affordance-
based robotics. A primary method for teaching robots is Imitation Learning (IL) [8], where a
policy is learned from state-action pairs of expert demonstrations. Behavioral Cloning (BC) [9], a
subset of IL, suffers from compounding errors when the robot deviates from the demonstrated states.
Inverse Reinforcement Learning (IRL) [10] learns a reward function from demonstrations, but
typically requires robot-specific demonstrations. In contrast, Learning from Observation (LfO) [2]
aims to learn from state-only demonstrations, often video, which is more scalable but dramatically
harder due to the lack of action labels and the domain gap.

To bridge the visual domain gap in LfO, numerous approaches have been proposed. A common
strategy involves learning a mapping or embedding space that is invariant to domain differences.
Sermanet et al. [11] use temporal cycle consistency between human and robot videos to align vi-
sual features without explicit supervision. Gao et al. [12] learn a latent space from human videos
that is then used for policy learning in the robot domain. Other methods employ explicit domain
adaptation techniques [13] to translate human video into a robot-like perspective [14]. While effec-
tive, these methods often require paired data or struggle with long-horizon tasks where high-level
semantics are crucial.

The computer vision community has made significant strides in understanding human activities
from video, particularly with the rise of large-scale egocentric datasets like EPIC-KITCHENS [6]
and Ego4D [15]. These datasets have fueled advances in action recognition [16], anticipation [17],
and object state change detection [18]. Our work directly leverages these resources, but instead of
just recognizing what a human is doing, we aim to predict what actions a scene affords, drawing
inspiration from works on visual affordance detection [4, 19, 20].

Within robotics, the concept of affordances has a long history for structuring exploration and skill
learning [21]. Affordances have been used to define skills [5], to guide exploration in RL [22],
and to enable tool use [23]. Recent work has focused on learning affordance models directly from
interaction data [4] or from human labels [24]. Shridhar et al. [25] and Mees et al. [26] demonstrate
how language-conditioned affordance models can guide policy learning, but they typically rely on
human-annotated data or teleoperation within the robot’s domain.

Despite this extensive body of work, a significant gap remains. Many LfO methods focus on low-
level feature alignment but lack the high-level, semantic understanding of why a human performs an
action. Conversely, many affordance-learning methods are trained on robot interaction data, which
is expensive to collect, or rely on precise human annotations for the robot’s environment. Our key
insight is to bridge this gap by learning a model of semantic affordances directly from unstructured,
unconstrained human video and then transferring this model to guide robot policy learning without
any robot demonstrations. This approach allows us to leverage the scale and richness of human data
to impart a human-like understanding of actionable possibilities to the robot, using affordances as a
transferable, task-oriented reward signal that is robust to the visual domain shift. Our method does
not require paired human-robot data or robot-specific affordance labels, making it a scalable step
towards true learning from real-world human observation.



3 Methodology

The related work reveals a fragmented landscape: methods for Learning from Observation (LfO) of-
ten focus on low-level visual feature alignment [11] but lack semantic grounding, while affordance-
based approaches [26, 25] provide rich semantic signals but are typically trained on expensive robot
interaction data or human annotations within the target domain. This creates a significant bottle-
neck for scalability. Our core contribution is to bridge this gap by introducing a novel, two-stage
framework that decouples affordance learning from robot policy learning. We first learn a gener-
alizable model of semantic affordances from the vast and diverse repository of in-the-wild human
egocentric video. This model is then transferred to the robot’s domain to provide a dense, seman-
tically meaningful reward signal that guides Reinforcement Learning (RL), a paradigm we term
Affordance-Guided Reinforcement Learning (AGRL). This approach directly addresses the de-
ficiencies of prior work by: 1) eliminating the need for any robot demonstrations or paired data, 2)
providing a high-level, human-understandable learning signal that transcends low-level visual dif-
ferences, and 3) leveraging the scale of human data to learn affordances for a wide array of objects
and tasks. This section is structured as follows: Section 3.1 formally defines the H2R problem we
tackle. Section 3.2 details our Affordance Prediction Network (APN) and its training on human
data. Finally, Section 3.3 explains how the frozen APN is integrated with an RL algorithm to train
robot policies efficiently.

3.1 Problem Formulation

Our goal is to learn a robot policy 7y(at|o;) parameterized by 6 that maps the robot’s visual ob-
servation o; at time ¢ to a motor action a;, enabling the robot to execute a specific task (e.g., open
a drawer). We assume access to a dataset of human egocentric videos D), = {(V;, Y;)}Y,, where
each video clip V; = {I4, ..., IT} is a sequence of RGB frames and Y; = (verb;, noun;) is a narrated
action label (e.g., ‘take’, ‘cup’). Crucially, we have no corresponding robot demonstrations, paired
data, or action labels from the human domain. The robot operates in its own environment with its
own dynamics and embodiment, observing the world from its own camera o; = I1°*®, The task for
the robot is defined by a sparse environment reward Ry, Which is typically +1 upon task success
and O otherwise. The core challenge is to use the human dataset Dy, to learn the robot policy my
more efficiently than learning from the sparse reward R.,, alone, by extracting and transferring the
underlying semantic knowledge of actions and interactions from human observations.

3.2 Learning Affordances from Human Video

To extract transferable knowledge from Dj, we train an Affordance Prediction Network (APN)
to understand what actions are possible and where they can be performed in a scene. The APN,
f, parameterized by ¢, takes a single RGB frame I; and outputs two things: a spatial affordance
heatmap A; € R¥*W where each pixel value indicates the likelihood of an action occurring at
that location, and a verb prediction distribution 1, € RIV! over a predefined verb vocabulary V
(e.g., V = {take, put, open, close, ...}) for the most salient affordance. The model is trained using
weak supervision from the video’s action label Y; and rough object bounding box annotations B;
(available in datasets like EPIC-KITCHENS), which serve as a proxy for the location of interaction.
The training loss is a multi-task combination:

»Ctotal = ['heatmap + A2 Everb; (D

where Lheamap = BCE(A¢, B;) is a Binary Cross-Entropy loss that encourages the heatmap to
activate on the annotated object, and Ly, = CE(l;, verb;) is a Cross-Entropy loss that ensures the
predicted verb for the peak affordance location matches the human verb label. This training regime
forces the network to learn a representation that grounds action semantics (verbs) in specific spatial
regions of the visual field, creating a model that understands human intent in a way that is not tied
to a specific embodiment.
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Figure 1: Overview of our two-stage AGRL framework.

3.3 Affordance-Guided Reinforcement Learning (AGRL)

With a pre-trained and frozen APN f4, we now address the robot learning problem. We frame
policy learning as a Markov Decision Process (MDP) defined by the tuple (S, .A, P, R, ), where
the key innovation is our affordance-based reward function R. For a given robot task (e.g., “open
drawer”), we define a task-relevant verb v* (e.g., “open”). At each timestep ¢, the robot captures an
observation o; = I} and passes it through the frozen APN to get (A4, 1) = fy(I;°™"). We then
define a dense affordance reward:

rif = max(A,) - I[argmax(l) = v°], @

where I is the indicator function. This reward is high only if the maximum affordance score in the
scene is high and the associated verb matches the robot’s current task goal. The total reward is a
combination of this dense affordance reward and the sparse environment reward: r; = 73T 4 ren,
This reward signal powerfully guides the RL agent (e.g., SAC [27]) by continuously rewarding it
for moving its end-effector towards regions that the human-derived model deems actionable for the
specific task, dramatically reducing the exploration space. This method is superior to prior LfO
works that lack semantic grounding and to affordance methods that require robot data, as we trans-
fer high-level human knowledge directly into the robot’s learning process through a generalizable
reward function.

Figure 1 provides a comprehensive overview of our proposed two-stage AGRL framework, illustrat-
ing the flow of information from raw human data to a trained robot policy. The process is cleanly
divided into two distinct domains to highlight our core contribution of cross-domain transfer. Stage
1 (Left): Operating offline in the human domain, this stage involves training the Affordance Predic-
tion Network (APN) on a dataset of egocentric human videos Dj,. The model learns to predict spatial
affordance heatmaps A, and verb labels 1; using only weak supervision from action narrations and



rough object bounding boxes, with no access to robot data. Stage 2 (Right): Operating online in
the robot domain, this stage leverages the frozen APN to enable efficient policy learning. The robot
interacts with its environment, and for each observation I1°*®, it queries the pre-trained APN. The
output affordances are converted into a dense reward signal 727 that is contingent on the robot’s task
goal v*. This reward, combined with the sparse environment reward, guides a standard RL algorithm
to learn the final policy mg. The key to the entire framework is the single, frozen APN (bold arrow
connecting the stages), which acts as a portable, semantic knowledge module that bridges the vast
conceptual understanding gleaned from human experience with the physical learning process of the
robot, all without requiring paired demonstrations.

4 Experiments and Results

The proposed AGRL framework makes several claims: that affordances can be learned from hu-
man video, that this model can generalize to a robot’s viewpoint, and that the resulting affordance
reward signal can significantly improve the efficiency and performance of RL. This section is de-
signed to systematically validate these claims and demonstrate the advantages of our method over
existing paradigms. We first detail our experimental setup, including the specific human and robot
benchmarks used and the baselines chosen for comparison (Section 4.1). We then present a series
of quantitative results: we analyze overall task performance and sample efficiency against state-of-
the-art baselines (Section 4.2), conduct a detailed ablation study to dissect the contribution of each
component of our method (Section 4.4), and finally, demonstrate the generalization capability of our
affordance model to novel objects and tasks (Section 4.5). The section concludes with qualitative
analyses that provide intuition behind the model’s decisions.

4.1 Experimental Setup
4.1.1 Datasets and Benchmarks

Our experiments leverage two publicly available benchmarks to ensure reproducibility and fair com-
parison.

* Human Affordance Training (EPIC-KITCHENS-100) [6]: We utilize this large-scale
egocentric video dataset to train our APN. It contains 100 hours of video of participants
performing daily kitchen activities, with narrations providing verb-noun action labels (e.g.,
take cup, open fridge). A subset of the data also includes object bounding box annotations,
which we use as weak supervision for the spatial affordance 10sS Lhcamap. We train our
model on a subset of 20 common verbs and their associated interactions.

* Robot Policy Learning (RLBench) [7]: To evaluate the learned robot policies, we use
the RLBench benchmark within PyRep. It provides a wide array of manipulation tasks
in a simulated environment with a Franka Emika Panda robot arm. We selected 5 tasks
that have clear semantic parallels with the actions learned from EPIC-KITCHENS: Open
Drawer, Pick Up Cup, Push Button, Close Jar, and Turn On Light Switch. Each task offers
a sparse reward upon successful completion, presenting a significant exploration challenge
for RL algorithms.

4.1.2 Baselines

We compare our full AGRL method against three strong baselines to isolate the benefits of human-
derived affordance rewards.

* RL from Sparse Rewards: This is a Soft Actor-Critic (SAC) [27] agent learning purely
from the sparse environment reward ™. It represents the performance floor and highlights
the exploration challenge that our affordance reward aims to solve.

* Visual Behavioral Cloning (BC): We train a convolutional neural network policy using
supervised learning on 100 expert demonstrations per task, collected via the RLBench envi-



ronment’s scripted solution. This represents an upper bound on performance for imitation-
based methods but requires expensive, task-specific robot data that our method avoids. To
highlight the visual domain gap, we also report results for a BC policy that uses features
from our frozen, human-trained APN as input (‘BC + APN Features’).

¢ Time-Contrastive Networks (TCN) [11]: A state-of-the-art LfO method that uses self-
supervised learning to align human and robot video features in a shared embedding space.
The robot policy is then trained with RL using distances in this embedding space as a
reward signal. This tests whether low-level visual alignment alone is sufficient compared
to our semantic affordance-based approach.

4.1.3 Metrics and Implementation Details

We evaluate methods based on two primary metrics: (1) Success Rate: The average final task
completion percentage over 100 evaluation episodes after training. (2) Sample Efficiency: The
number of environment steps required to achieve a pre-defined success rate threshold (80%). Our
APN uses a ResNet-18 backbone pre-trained on ImageNet. The affordance decoder consists of a
series of transposed convolutions. We set loss weights A\; = 1.0, Ao = 0.5. For RL, we use the SAC
implementation from Stable Baselines3 [28] with default hyperparameters. Each experiment is run
with 5 different random seeds, and we report the mean and standard deviation.

4.2 Main Results: Task Performance and Sample Efficiency

Table 1: Final success rate (% = std. dev.) after 500k training steps across 5 RLBench tasks.

Method Open Drawer Pick Up Cup Push Button  Close Jar  Turn On Light
Sparse RL 20.2+5.1 453 +6.8 32772 158+43 10.1 £3.5
Visual BC 98.5+1.2 99.0 + 1.0 97815 965+2.1 95.2+2.8
BC + APN Features 40.1+6.5 55.7+78 352+6.1  305%+59 25.8+5.2
TCN [11] 55483 70.2+9.1 60.1+10.5 40379 35.6 8.2
AGRL (Ours) 85.6 +4.2 92.8 + 3.1 88.9+38 754+%55 70.2 + 6.1

The final success rates, presented in Table 1, clearly demonstrate the effectiveness of our AGRL
method. As expected, Visual BC performs near-perfectly but is an unfair comparison as it uses
privileged robot demonstrations. The ‘BC + APN Features’ baseline performs poorly, succeeding in
only 25-55% of trials. This stark drop from standard BC highlights the severity of the visual domain
gap; features learned from human video are not directly transferable to a robot policy via simple imi-
tation learning, necessitating our more robust RL-based approach. The Sparse RL baseline performs
poorly, succeeding in less than 50% of trials for all tasks, confirming the difficulty of exploration
with only a sparse reward. The TCN baseline shows a significant improvement over Sparse RL,
proving that leveraging human data through visual feature alignment provides a useful learning sig-
nal. However, our AGRL method consistently and substantially outperforms TCN across all five
tasks, achieving an average absolute improvement of over 30% in success rate. This performance
gap, especially on tasks requiring precise interactions like Close Jar and Turn On Light, strongly
suggests that the high-level semantic guidance provided by our affordance reward is more effective
than the low-level visual matching learned by TCN. Our method achieves over 85% success on three
of the five tasks, proving that learning from human video is a viable path toward acquiring robotic
manipulation skills.

Table 2: Sample efficiency: Average number of environment steps (in thousands) required to achieve

(3K

an 80% success rate. ‘-’ indicates the baseline never consistently reached the threshold.

Method Open Drawer Pick Up Cup Push Button Close Jar Turn On Light
Sparse RL - 392 +£45 - - -

TCN [11] 285+30 205 +£25 310 +40 - -
AGRL (Ours) 105 + 15 7510 120 =20 195 +25 250 £ 35




Beyond final performance, sample efficiency is critical for practical robot learning. Table 2 shows
the number of environment interactions required for each method to achieve an 80% success rate.
The Sparse RL baseline only reached this threshold on one task (Pick Up Cup) and required nearly
400k steps. The TCN method was more efficient but still required over 200k steps for the simpler
tasks and failed to reach the threshold on the more complex Close Jar and Turn On Light tasks
within the 500k step budget. In stark contrast, our AGRL method converged rapidly, achieving the
threshold on Pick Up Cup in just 75k steps—a 4x improvement over TCN and a 5x improvement
over Sparse RL. This dramatic increase in efficiency is direct evidence that the affordance reward
73 provides a dense and effective learning signal that drastically reduces the exploration space.
The robot is no longer searching blindly; it is continuously guided towards semantically meaningful
interaction points, allowing it to discover successful policies with far fewer trials.

4.3 Qualitative Analysis of Affordance Transfer
Push Button

Open Drawer Pick Up Cup

Affordance Score

Figure 2: Qualitative results of our APN’s generalization

A core claim of our work is that the affordance model learned from human data can generalize
effectively to the robot’s domain. Figure 2 provides a qualitative validation of this transfer. The
left column shows example frames from the EPIC-KITCHENS dataset, with the APN’s affordance
heatmap overlaid. The model correctly activates on the drawer handle, the cup, and the button.
The right column shows the robot’s own camera feed from the RLBench environment for the corre-
sponding tasks. Crucially, without any fine-tuning on robot data, our frozen APN produces highly
meaningful affordance heatmaps. It robustly highlights the drawer handle for the ‘open’ action,
the body of the cup for the ‘take’ action, and the center of the button for the ‘push’ action. This
demonstrates that the model has learned a generalizable concept of affordances that is invariant to
the large differences in perspective, embodiment, and visual appearance between the human and
robot domains. This successful transfer of human-derived concepts is the fundamental enabler of
our method’s performance, providing the robot with a human-like understanding of where and how
to interact with its environment.

4.4 Ablation Study

To validate the design choices in our affordance reward, we conduct an ablation study on the Open
Drawer task, the results of which are shown in Table 3. The complete AGRL method serves as our
baseline. Removing the verb loss Lyer, during APN training, and thus using only the spatial heatmap
for the reward (‘Heatmap only’), causes a significant drop in performance. This version fails to
distinguish between different types of interactions, so the robot might be rewarded for touching
the drawer in any way, not specifically for performing an ‘open’ action. Removing the heatmap
loss Lheatmap (“Verb only’) is even more detrimental, as the model loses its spatial grounding and



Table 3: Ablation study on the Open Drawer task. Analysis of the impact of different components
of the reward function.

Method Final Success Rate (%) Steps to 80% (k)
AGRL (Full) 85.6 +4.2 105+ 15

- w/o Ly, (Heatmap only) 65.3+6.1 180 + 22

- W/0 Lpcatmap (Verb only) 50.1+£7.8 290 + 38

- w/o 73 (Sparse RL) 20.2+5.1 -

can only predict what action to do but not where to do it, leading to random exploration. Finally,
removing the affordance reward entirely reduces the method to Sparse RL, which performs poorly.
This ablation confirms that both the spatial and semantic components of our affordance model are
critical for providing a high-quality reward signal.

Table 4: Ablation on the source of training data for the APN. Performance on Pick Up Cup task.

APN Training Data Final Success Rate (%)  Steps to 80% (k)
Human Video (EPIC-KITCHENS) 92.8 +3.1 75+£10
Robot Demos (RLBench) 90.5+3.5 80+ 12
Random Images (Places365) 482+ 69 385+42

A core hypothesis of our work is that human video is a viable and scalable data source for affordance
learning. Table 4 tests this by comparing APNs trained on different data sources. An APN trained on
robot demonstrations from RLBench performs nearly as well as our human-trained model. This is
expected, as it eliminates the domain gap, but it requires costly per-task robot data collection, which
our method avoids. Most importantly, our human-data-trained model performs significantly better
than an APN trained on random images from Places365, which provides no affordance supervision.
This result validates that the affordance knowledge extracted from human videos successfully trans-
fers to the robot domain, enabling efficient learning. The small performance gap between human
and robot data demonstrates the effectiveness of our approach in leveraging readily available human
data to avoid the data collection bottleneck.

4.5 Generalization to Novel Tasks

Table 5: Zero-shot generalization performance. APN is trained on 20 verbs from EPIC-KITCHENS
and evaluated on novel robot tasks without any fine-tuning.

Novel Task Avg. Affordance Reward r?ﬁ AGRL Success (%)
Sweep Dust 0.72 55.1+£7.2

Put Tray in Oven 0.68 18.5+4.8
Stack Cups 0.61 53+2.1

A key advantage of learning from large-scale human data is the potential for generalization. We
test the zero-shot generalization capability of our frozen APN by evaluating it on novel RLBench
tasks that were not seen during its training on EPIC-KITCHENS. For each novel task, we compute
the average maximum affordance reward 7T produced by the APN when the robot observes the
initial scene. As shown in Table 5, for tasks like Sweep Dust and Put Tray in Oven, the APN
produces high affordance rewards, indicating it recognizes semantically similar actions (e.g., ‘push’
for sweeping, ‘put’ for placing). We then use this reward to train a policy from scratch and report
its final success rate (similar to approach used in [29]). The results show that AGRL achieves a
significantly higher success rate than the Sparse RL baseline (from Table 1), demonstrating that
the pre-trained affordance model provides a useful prior even for novel tasks. For Stack Cups,
the affordance score is lower, suggesting the model is uncertain, which correlates with the smaller
performance gain. This experiment shows that our method possesses a crucial capability for real-
world applications: the ability to generalize and provide useful guidance beyond its immediate
training set.



Table 6: Quantitative results of the spatial accuracy of the predicted affordance heatmaps on robot
observations. Higher values are better.

Metric AGRL (Ours) TCN [11]
Affordance IOU @0.5 0.75 0.45
Mean Distance to Goal (cm) 2.1 5.8

Finally, we quantitatively evaluate the quality of the affordances inferred on the robot’s own obser-
vations. We define the ground-truth affordance location as the center of the object that must be ma-
nipulated for the task (e.g., the drawer handle). Table 6 shows that our APN, trained on human data,
localizes affordances on the robot’s image with a high Intersection-Over-Union (IOU) score and a
mean distance of only 2.1 cm from the true interaction point. In contrast, the embedding similarity
heatmaps generated by TCN are significantly less precise. This result provides a clear explanation
for the performance gap observed in Table 1: our method produces accurate, spatially-grounded
semantic guidance, while TCN’s low-level features fail to consistently highlight the correct object
for interaction. This demonstrates that our proposed intermediate representation of affordances is
not only transferable but also highly effective for pinpointing actionable regions in a novel domain.

5 Conclusion

We presented AGRL, a novel framework that bridges the visual domain gap between human video
and robot execution by leveraging affordances as a semantic reward signal. By learning what and
where to interact from in-the-wild human data, our method enables efficient robot policy learning
without any paired demonstrations. Extensive experiments demonstrate superior performance over
strong baselines, highlighting the potential of human-derived affordances as a powerful represen-
tation for scalable H2R transfer. Future work will focus on long-horizon task decomposition and
real-world deployment.
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