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Imitation learning (IL) has succeeded in enabling robots to perform new tasks by learning from demonstrations. How-
ever, its success is often constrained by the need for direct skill mappings between a learner and a demonstrator under
identical conditions, limiting its adaptability to diverse environments and generalization across robots with different
physical embodiments. To address these challenges, we introduce the Intention-Aligned Imitation Learning (IAIL)
framework, a behavior adaptation approach that extends the conventional scope of IL by enabling robots to reproduce
motions demonstrated by heterogeneous peers, even in previously unseen situations. Inspired by human cultural
learning, IAIL aligns and adapts robot motions on the basis of high-level intentions annotated in natural language
rather than by directly copying motor movements. This alignment is achieved by constructing a shared intention
space that connects robot-generated motions with linguistic annotations, enabling inference-time behavior adapta-
tion across diverse embodiments and environmental contexts. The framework further supports scalable task allocation
in heterogeneous robot teams by leveraging differences in capabilities and constraints. We validated IAIL through
real-world experiments involving seven distinct robots performing multistep collaboration tasks across 30 scenarios.
Our results demonstrate that IAIL enables robust intention-aligned behavior adaptation across variations in embodiment,
motion modality, and task configuration. These capabilities enable flexible behavior transfer across heterogeneous

robots and support resilient, autonomous multirobot systems for reliable real-world collaboration.

INTRODUCTION
Deploying a team of robots to perform long-horizon tasks in dy-
namic real-world environments holds substantial potential to en-
hance productivity in manufacturing, increase system resilience in
adversarial conditions, and enable collaborative behaviors beyond
the capabilities of individual robots. However, programming a robot
team with proficient individual skills and efficient task allocation
could be difficult, particularly when the team varies substantially.
Imitation learning (IL) has emerged as a promising method for en-
abling robots to efficiently acquire new skills by learning from expert
demonstrations (1-3), thereby facilitating skill transfer for robotic
systems. However, most IL approaches necessitate that the learner
and demonstrator operate under identical task conditions and have
precise mappings between their motor actions, limiting the adaptability
of the tasks demonstrated in different environments and the generaliz-
ability in learning from robots with different physical embodiments.
The primary objective of IL is to establish meaningful motion
correspondence between the actions of the demonstrator and the
learner, thereby ensuring comparable outcomes after execution.
However, achieving this correspondence becomes increasingly chal-
lenging in the presence of variations in environmental conditions and
robotic embodiments (4-6). A comparison of IL settings with varia-
tions between the demonstrator and learner is illustrated in Fig. 1.
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For differences in physical embodiments, such as robots with differ-
ent degrees of freedom, body structures, or actuator types, motion
correspondence can be established on the basis of invariant body
components (7, 8) or transitions in environmental states (9, 10). For
environmental variations, such as different lighting conditions, varied
camera views, or interactable objects with changing colors or textures,
motion correspondence can be established by finding a common
feature space with domain confusion approaches (11, 12). Although
these strategies have shown success under moderate variations, they
become inadequate in cases involving substantial differences, such
as between robots with fundamentally different motion modalities
(ground vehicles versus drones) or environments with distinct sets
of interactable objects (office versus home). In such settings, direct
correspondence becomes unreliable because of mismatched robot
capabilities and functionalities. To address this issue, recent works
have suggested learning correspondence based on completed tasks
or the final motion outcomes (13-16). However, these methods require
datasets with manually labeled or paired motion trajectories for each
learner-demonstrator combination. This pairing process demands
extensive engineering effort, which limits the scalability of these
methods to IL scenarios involving an increased number of robots.
Alternatively, some methods leverage unsupervised learning techniques
to learn the correspondence (17-19), which eliminates the engineering
effort but requires robots with identical functionalities. An efficient
approach that can be adapted to various environmental conditions
and generalized to diverse robot forms is still lacking.

Moving beyond the agent-to-agent imitation setup, enabling a team
of robots to replicate the multistep collaborative tasks performed by
another team introduces a team-to-team imitation setup. When con-
sidering heterogeneity in team size, robot types, and individual robot
capabilities, the critical challenge lies in enabling the learned model
to generate feasible motion plans for the learner robot team, which
may differ from the demonstrations, and in correctly assigning each
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can most feasibly realize the intended out-
come in its repertoire, enabling capability-
aware task allocation across varying team
compositions. We refer to this frame-
work as Intention-Aligned Imitation
Learning (TAIL).

This approach draws inspiration from
human cultural learning mechanisms,
where individuals understand others’
actions in terms of intentions and reex-
press them through contextually suitable
behavior. This aligns with the cognitive
science literature on rational imitation,
which suggests that learners, even infants,
prioritize reproducing a demonstrator’s
inferred goals over their exact movement
patterns (26, 27). Studies in neuroscience
further support this view, indicating that
humans interpret behavior at an inten-
tional level rather than via motor mimicry
(28-35).

Here, we study imitation across a
diverse set of robots with distinct em-
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paper cup
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Fig. 1. A visual illustration of different IL scenarios. In prior works, IL typically occurred between two robots with
varying degrees of differences in physical embodiments or task-specific environmental conditions. In contrast, our
work explores a setting where heterogeneous robot teams, characterized by substantial differences in both embodi-
ments and environmental conditions, can imitate each other through motion demonstrations. This imitation is
achieved by associating motions on the basis of their underlying intentions, which are defined using human-
annotated language descriptions. The association is performed in a shared intention space, constructed by aligning
the embeddings of motion sequences with their corresponding language intention annotations. Each motion of the
demonstrator robot is matched to the motion of the learner robot that has the smallest distance in the intention
space. The dashed circles in the figure indicate successful motion associations in the intention space.

motion step to the appropriate learner robot on the basis of its capabili-
ties. This necessitates an integration of IL for multirobot teams (20-23)
and multirobot task allocation (24, 25). However, owing to the varied
functionalities of the learner and demonstrator robots and the unclear
task definitions represented by implicit motion trajectories, imitation
between heterogeneous robot teams remains an unexplored topic.

To transcend these limitations and enable imitation across robot
embodiments and task conditions, we propose aligning robot be-
haviors on the basis of shared high-level intentions. Rather than rep-
licating low-level motor actions or embodiment-specific features,
our approach compares and associates behaviors according to their
underlying task objectives, supporting both agent-to-agent and
team-to-team transfer. We define an intention as the goal or out-
come of a motion and represent it using a human-annotated lan-
guage description that abstracts away control and embodiment
details. We then construct a shared intention space by aligning mo-
tion embeddings with their corresponding annotations, enabling
intention similarity to be measured across heterogeneous robots. At
inference time, a learner retrieves the most demonstration-relevant
behavior from its pretrained repertoire by matching intentions. This
formulation extends naturally to team-level settings: Given multiple
learners, the system assigns each demonstrated step to the robot that
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Level of variation in physical embodiment

bodiments, operating environments, and
capabilities, where any individual robot or
team of robots may act as a demonstrator
or a learner. We evaluate our frame-
work on seven real-world robots, includ-
ing boats, drones, mobile robots, and
robotic arms, performing a compound
task spanning multiple phases. The task
is demonstrated by a team of three robots
and executed by a separate team of three
or four robots, with no overlap between
demonstrators and learners. Across 30
scenarios with varying task and team
configurations, our framework achieves robust task completion across
diverse embodiments and motion modalities. These results demon-
strate generalizability across robots, adaptability to varying tasks
and environmental conditions, and scalability to heterogeneous
teams with different compositions. We further compare IAIL against
two baseline methods in simulation, quantifying consistent gains
under multiple sources of variation. Together, these results highlight
the potential of intention-aligned imitation to enable more flexible
and efficient learning in multirobot systems and to extend IL to
dynamic real-world deployments.

RESULTS

We evaluated our TAIL framework through experiments involving
heterogeneous robots performing IL tasks in dynamic environments.
The framework associates behaviors through underlying intentions
rather than direct motor correspondence. This design enables ad-
aptation across embodiments and environmental contexts and pre-
serves the objectives of the demonstrations. This section presents an
overview of our framework, followed by the experimental validation,
detailed results, and a comparative analysis of our approach with
baseline methods.
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IAIL framework overview

Figure 2 provides an overview of the IAIL framework in an agent-
to-agent scenario, illustrating the core modules, the three main
stages of the imitation process, and how these modules interact
across stages. The figure is intended as a high-level guide to the
system’s structure; detailed descriptions of each module and stage
are provided in Materials and Methods.

The framework enables imitation among heterogeneous robots by
associating actions on the basis of shared intentions. The process
consists of three key stages: context-aware motion generation, mo-
tion intention extraction, and motion association based on intention
similarity. Below, we describe each stage, identifying the networks
involved, their training, and their role in the overall process. A video
demonstration of the three stages is included in movie S2.
Context-aware motion generation
In this stage (Fig. 2A), we generate feasible actions for the learner
robot i on the basis of its current state, defined as the information
perceived by its onboard sensors, which captures its operational
context in the environment. Each action is a single command or a
sequence of commands that the learner can execute to achieve a spe-
cific goal in its environment. The set of generated actions reflects the
current capabilities or skills of the learner robot in its present con-
text and serves as candidates for intention-based association in later
stages. These actions are sampled from a generative model py, trained
offline using a dataset collected from robot i. 1
Motion intention extraction
In this stage (Fig. 2B, i and ii), both the learner’s generated actions
and the demonstrator’s executed actions are projected into a shared
motion-intention embedding space. The projection is performed us-
ing a motion encoder f,, for the learner and f\v,- for the demonstrator,
each trained jointly with a shared annotation encoder f;. Training

“picks a black shoe”

follows a contrastive learning objective in which human-annotated
language descriptions of motions provide semantic supervision. This
ensures that actions with similar annotated intentions, regardless of
embodiment, are embedded close to each other in the space. Through
this process, the system obtains an intention-level representation
for both the demonstration and each candidate action, enabling
embodiment-independent comparison.

Motion association based on intention similarity

In the final stage (Fig. 2C), we compare the embedded representa-
tion of the demonstrator’s motion with the embeddings of the learn-
er’s candidate actions generated in the first stage. The system selects
the candidate whose embedding is closest to the demonstrator’s em-
bedding in intention space, ensuring that the chosen action is exe-
cutable for the learner and aligned with the demonstrated objective.
When multiple learner robots are available, we perform this selection
over all candidates from all learners and assign the best-matching
action to the robot that generated it.

Team-to-team imitation setup
We evaluated the IAIL framework in a complex real-world envi-
ronment involving seven heterogeneous robots performing multistep
tasks. The robots had distinct capabilities and operated in a shared
environment comprising several areas, each associated with different
types of tasks. The tasks included the following: monitoring user
activities at one of four locations (M; to M), fetching items at one
of three areas (I to I3), and delivering items to one of two destina-
tions (D and D»). A visual illustration of the robots, environment,
and related tasks is shown in Fig. 3A.

Seven robots were involved in the study and were divided into two
teams. The demonstrator team consisted of Tello (36), Dual-Arm
(37), and Spark (38), whereas the learner team consisted of Cuboat
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Fig. 2. Overview of the IAIL framework in an agent-to-agent scenario. The diagram illustrates the process of learner robot i reproducing an action demonstrated by
robot j. The process involves three main stages: (A) A batch of executable actions, each capable of achieving various goals, is sampled from the pretrained motion gen-
erator py, of robot i. (B) (i) The intentions of the sampled motions are extracted by projecting them into a shared embedding space via the motion encoder fw, of robot
i (ii) In parallel, the intention of the demonstrator’s motion is extracted using the motion encoderf,, of robot j. The shared embedding space is regularized by the annota-
tion encoder f;, trained jointly with the motion encoders to align motion embeddings with their high-level intentions. (C) The demonstration is then associated with the
sampled learner motion whose embedding is closest in the shared intention space. Through this generation-encoding-association process, the learner interprets the
demonstration and adapts it into an executable action aligned with the demonstrated objective.
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Fig. 3. The real-world experiment setup and imitation results obtained under various conditions. (A) The imitation task has three phases: monitoring user activity
in My to My, fetching an item from /; to /5, and delivering it to Dy or D,. (B) Given that the robots on the learner team are different from those on the demonstrator team,
direct imitation is not possible. (C) An example five-step demonstration performed by Tello, Dual-Arm, and Spark: Tello monitors the user signal, Dual-Arm picks a yellow
tape, Spark moves closer to initiate an item handover, Single-Arm passes the item to complete the handover, and Spark delivers the item. (D) The imitation performed by
the learner team. Our IAIL framework successfully allocated the imitative actions to the corresponding robots on the basis of their capabilities. (i) When the yellow tape
was removed, the black tape was identified as an alternative, and the Pepper robot was assigned to pick up and deliver it. When neither the yellow tape nor the black tape
was available, the team remained idle, because no imitative actions that could fulfill the intention were possible as shown in (ii). In (iii), Diablo was selected to monitor the
user when Cuboat was removed from the team, which subsequently changed the imitative actions of the other robots. In the various cases, the executed performance

differed substantially from the demonstration.

(39), Single-Arm (37), Pepper (40), and Diablo (41) (see Fig. 3B). Be-
cause of embodiment and workspace constraints, each robot had ac-
cess to a subset of areas and supported distinct capabilities. Tello was
a drone that could monitor all four locations M; to My. Dual-Arm
had two manipulators and could retrieve items from the drawer at I,
whereas Single-Arm could retrieve items placed on the table at L.
Spark was a mobile transporter that could deliver items to D; and D,.
Cuboat operated in the water pool and could monitor locations M;
and M,. Diablo was a height-adjustable mobile robot that could
monitor all four locations M; to M, and deliver items to D; and D,.
Pepper was a mobile manipulator that could access items on the table
at I; and also deliver items to D; and D,. The detailed robot and envi-
ronmental setup is provided in the Supplementary Materials (“Real-
world robot sensor and motor control” and “Real-world task and
environment setup” sections).

During the IL process, the demonstrator team provided a dem-
onstration consisting of five actions. First, Tello flew to one of the
four monitoring locations (M; to M,) to monitor user activities. The
user then entered the area and signaled the robot by waving at its
camera. Once the signal was detected, Dual-Arm picked an item

Chenetal., Sci. Robot. 11, eadv2250 (2026) 18 March 2026

from the drawer at I and passed it to Spark for delivery. This hando-
ver process involved two actions: Spark initiated the handover by
moving closer to Dual-Arm, and then Dual-Arm placed the picked
item into SparK’s basket to complete the handover. Last, Spark deliv-
ered the item to one of the delivery locations (D, or D,) to complete
the task. An example demonstration given in Fig. 3C shows that
when the user detected pool leakage and sent signals, the team of
robots monitored this activity at Mj, fetched a yellow tape, and de-
livered the tape to D.

After the five-step demonstration, the learner team was required
to replicate the final outcome: delivering the correct item to the ap-
propriate location. However, the user’s location, the item type, and
the delivery destination were not explicitly provided, requiring the
team to infer this information from the demonstration.

Team-to-team imitation results

To assess the effectiveness of the proposed IAIL framework, we eval-
uated performance from two perspectives. First, we measured task
success rate and adaptation accuracy, which reflected how well the
learner robots imitated the demonstrated behaviors and achieved
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the intended outcomes. Second, we analyzed how tasks were executed
across varying environmental configurations and team compositions,
highlighting the system’s flexibility, robustness, and adaptability under
dynamic conditions. We began by introducing the evaluation sce-
narios, followed by detailed results under these two perspectives.
Evaluation scenarios

To assess the system’s ability to handle variations in environmental
conditions and team formations, we conducted 30 scenarios with
varying task configurations for both the demonstration and the
learner robot team. In each scenario, the demonstration involved a
unique user location, selected from M; to My; an item, chosen from
the six items in I5; and a delivery position, selected from D; or D.
For the learner robots, the three items at I; and I, were randomized
from their respective lists in each scenario. In addition, in one-third
of the scenarios, one robot was randomly removed from the learner
team, leaving only three robots to complete the tasks. The varia-
tions between the training and evaluation scenarios are provided
in the Supplementary Materials (“Training and evaluation data
variations” section).

Because of these random variations in robot availability and item
distribution, 6 of the 30 scenarios were completion infeasible, either
because no robot had the necessary capabilities or because the rele-
vant item from the demonstration was entirely unavailable. Among
the 24 feasible scenarios, 11 included the exact demonstrated item
(same item available), whereas the remaining 13 included a func-
tionally equivalent item but with a different shape, color, or specific
attribute from the same semantic class (same-class item available).
The item class is shown in fig. 3. To ensure the reliability and statis-
tical significance of our results, we repeated the evaluation three
times on the same 30 scenarios using models trained with different
random seeds.

Task success rate

A task was considered successful when the exact demonstrated item,
or an item in the same class, was delivered to the correct location. The
task success rate was evaluated as the proportion of successful trials
out of the total number of scenarios that could be completed success-
fully. This metric captured the overall effectiveness of IAIL in consis-
tently imitating behaviors across teams of heterogeneous robots.

As shown in Table 1, the robots successfully completed an aver-
age of 22 of 24 scenarios, achieving an overall success rate of 0.92.
This high success rate demonstrated the system’s ability to effectively
enable imitation between heterogeneous robot teams, allowing them
to execute multistep tasks through action demonstrations.

There were seven failures among the 30 scenarios: One involved
the robot picking an irrelevant item, whereas the other six remained
inactive even when the exact item or an item of the same class was

presented. These failures occurred primarily because of incorrect
extraction of demonstration intentions, which could result from
factors such as model errors or sensory noise. When this occurred,
the intention distances between the demonstration and the sampled
actions became large, and the sampled actions were identified as in-
capable of replicating the demonstration. In such scenarios, the ro-
bot opted to remain inactive rather than risk performing an action
that could lead to an unexpected or undesirable state. This conser-
vative behavior was critical in real-world applications where safety
was paramount.

Adaptation accuracy

In addition to the task success rate, we evaluated the robots’ ability
to adjust their behavior under different environmental conditions
using the adaptation accuracy metric. This metric measured the per-
centage of instances in which the robots achieved the best possible
outcome under three conditions. If the demonstrated object was
available, the learner robots were expected to deliver that object. If it
was unavailable but a same-class object was available, the system
was expected to deliver the available object as a substitute. If neither
the demonstrated object nor a same-class object was available, the
robots were expected to recognize that the task was infeasible and
remain inactive. The items used in the experiment and their corre-
sponding classes are shown in fig. S3.

As shown in Table 1, across all 30 evaluation scenarios, the learner
team achieved an overall best-adaptation accuracy of 88% under
three conditions. Specifically, in the 11 scenarios where the exact
demonstrated item was available, the robots successfully delivered
the exact item an average of 9.33 times. This result highlighted the
system’s precision in replicating demonstrated actions under ideal
conditions. In the 13 scenarios where the exact item was unavailable
but an alternative item in the same class was present, the system
correctly identified and delivered the substitute item an average of
11.33 times. This demonstrated the framework’s adaptability in se-
lecting appropriate alternatives, effectively handling less-than-ideal
conditions while still achieving task goals. Last, in the six scenarios
where no relevant items were available, the robots correctly recog-
nized the task’s infeasibility and remained inactive an average of
5.67 times. This underscored the system’s ability to skip actions when
necessary, preventing errors and avoiding risky operations.

Figure 3D illustrates the team’s imitative behaviors that best
adapted to these three conditions. First, the learner team successfully
selected and delivered the yellow tape as demonstrated, despite the
presence of another item in the same class (black tape). In this scenario,
the proposed IAIL framework allocated tasks to learner robots with
functionalities most similar to those of the demonstrator team: Cuboat
versus Tello, Single-Arm versus Dual-Arm, and Diablo versus Spark.

Table 1. Average performance over 30 diverse evaluation scenarios + 1 SD. Each value reports the average number of successful or best-adapted scenarios
out of the total number of applicable cases. The evaluations were repeated three times with different random seeds.

Number of scenarios

Mean achieved trials Success rate

Task success 24
Best adaptation 30

Same item available 11

Same-class item available 13

Completion infeasible 6

Chenetal., Sci. Robot. 11, eadv2250 (2026) 18 March 2026
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This indicated that the framework effectively enables team-to-team
imitation. When the yellow tape from the demonstration was re-
moved, the black tape was identified as a substitute. However, this
item was out of reach for the Single-Arm robot. As a result, Pepper,
which has both manipulation and navigation capabilities, was as-
signed to fetch and deliver the item (see Fig. 3D, i). In this case, the
IAIL framework not only adapted to changes in environmental con-
ditions but also ensured efficient task allocation. When the black
tape was also removed (Fig. 3D, ii), no relevant items were available.
The imitation was considered successful because the robots re-
mained inactive; performing any action in this scenario would lead
to incorrect or unintended outcomes. The IAIL framework also
demonstrated robustness to variations in the composition of the
learner team. For example, when Cuboat was absent (Fig. 3D, iii),
Diablo substituted its role for monitoring, leaving Pepper to receive
and deliver the tape. This emergent task allocation highlighted the
strong generalizability of the proposed IAIL framework and its abil-
ity to bridge the skill sets of heterogeneous robots using shared in-
tentions. The videos of the IL results shown in Fig. 3D (i, ii, and iii)
are provided in movie S1.

Flexibility in robot role assignments

To further assess the flexibility and adaptability of our framework,
we analyzed how tasks were distributed across different robots in the
learner team. Table 2 presents the proportion of scenarios in which
each robot was assigned to a given task phase (user monitoring, item
picking, and item delivery), as well as the percentage of task assign-
ments that fell within each robot’s functional capabilities, confirm-
ing the validity of the assigned roles.

This analysis provided two key insights. First, across all scenarios,
assigned tasks were strictly within each robots physical and func-
tional capabilities, resulting in a 100% feasibility rate. For example,
only mobile robots were tasked with navigation and delivery, where-
as fixed-base manipulators were assigned only object-picking roles.
This confirmed that the system respected embodiment constraints
and avoided unsafe or infeasible actions. Second, the distribution of
roles varied with environmental configuration and team composi-
tion. For example, Cuboat and Diablo were both assigned to moni-
toring in different scenarios (38 and 62%, respectively), and item
delivery was handled by Diablo (29%) and Pepper (71%). In 21% of
scenarios, Pepper delivered items handed over by Single- Arm, typically
when Diablo was unavailable, indicating that the system adapted
task assignments in response to agent availability and context. Al-
though the assignments remained feasible, the resulting role allocation

was not hard-coded and instead reflected context-sensitive de-
cision making.

Together, these results indicated that the IAIL framework en-
abled flexible and adaptive role assignments that respected robot
capabilities and responded to team composition. This context-aware
allocation strategy demonstrated the system’s ability to generalize
across embodiments and conditions, which was essential for scalable
deployment in dynamic, heterogeneous robot systems.

Quantitative evaluation of the latent intention space

To further assess the internal structure and robustness of the shared
intention space learned by IAIL, we conducted a quantitative
analysis of the latent embedding distributions across tasks and ro-
bot embodiments. We measured semantic separation between task
types using intraclass and interclass cosine distances in the latent
space. We also assessed embodiment invariance by computing cross-
embodiment alignment errors.

For this analysis, we randomly sampled three unseen trajectories
per robot per task, yielding a total of 120 test samples. These samples
were not used during training and spanned the same task set eval-
uated in the real-world experiments. To provide an intuitive under-
standing of the latent intention space, we applied t-distributed
stochastic neighbor embedding to project the high-dimensional
intention embeddings into a two-dimensional space. The resulting
visualization is shown in fig. S5.

Semantic separation across tasks

We computed pairwise cosine distances among latent embeddings
corresponding to five high-level task phases: monitoring, picking,
prepare_handover, complete_handover, and delivery. Intraclass dis-
tance was defined as the average cosine distance between embeddings
of the same task type, whereas interclass distance was computed across
different task types. To summarize overall task separability, we report
the semantic separation ratio: the mean interclass distance divided
by the mean intraclass distance, a form commonly used in unsuper-
vised clustering evaluation (42, 43).

For the picking phase, we also computed intraclass distances at
two levels of semantic granularity by treating each distinct object as
a separate task (“same item”) and by grouping objects into broader
semantic categories (“same-class item”), such as grouping all cup
variants into a single category. The item instances and classes are
shown in fig. S3. The latter reflected the grouping used for success
rate computation in Table 1 and was used for calculating the overall
separation ratio.

Table 2. Distribution of task assignments across the learner robot team. Each cell indicates the proportion of scenarios in which the robot was assigned the
specified task. The last column shows the percentage of assigned tasks that were within the robot’s capability scope. Percentages are computed from evaluation
scenarios in which the task was completed successfully. Dash entries indicate that the robot was not assigned to perform the task.

Robot Monitor user activity Pick item Deliver item Rate of assigning feasible
tasks

Cuboat 38% _ 100%

D |a blo ...................................................................... 62% ............................................................................................................. 29% ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, 1 00% ,,,,,,,,,,,,,,,,,,,,,,,,,

SlngIeArm ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, _ ...................................................... 50% ...................................................... _ ‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ 100% ,,,,,,,,,,,,,,,,,,,,,,,,,

Pepper ........................................................................ _ ...................................................... 50% ............................................ 50%+21%* ‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ 100% ,,,,,,,,,,,,,,,,,,,,,,,,,

*For Pepper, 50% of deliveries were of items it picked itself; 21% were handovers from Single-Arm, used when Diablo was unavailable for delivery.
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As shown in Table 3, the global interclass distance was high
(0.997 + 0.003), indicating that task-specific latent representations
were well separated and nearly orthogonal. In contrast, intraclass dis-
tances were substantially lower across all task phases (Tables 4 and 5).
For instance, the monitoring tasks exhibited intraclass distances
ranging from 0.276 to 0.375, whereas picking tasks ranged from 0.23
to 0.499, reflecting variability because of differences in object tex-
ture and geometry in each class. The handover phases showed dis-
tances from 0.226 to 0.352, and delivery tasks demonstrated the
tightest clustering, with distances of 0.023. These values collectively
yielded an average separation ratio of 3.764, confirming that IAILs
intention space formed compact, task-specific clusters. Even for
picking cups, which involved four visually dissimilar cup types, the
embeddings formed relatively tight latent clusters (up to 0.499 +
0.034), indicating that high-level intent is preserved despite appear-
ance variation. This well-structured latent space directly supported
TAILs ability to reliably associate intentions and retrieve appropriate
policies, as reflected in its overall task success rate of 92% in Table 1.
Fine-grained object structure
When comparing intraclass distances between same-item and
same-class item groupings in the picking phase, we observed that
same-item distances were consistently much lower. For example, the
intraclass distance for picking a specific cup was 0.119 + 0.044, com-
pared with 0.499 + 0.034 when considering the class to consist of four
types of cups. This suggested that the latent space preserved fine-
grained semantic distinctions and formed tighter clusters around
specific object instances.

This structure was functionally important, because it enabled IAIL
to preferentially select the same item shown in the demonstrations
(rather than same-class ones) whenever they were available during
latent similarity-based motion association. As shown in Table 1,
this preference translated into high adaptation accuracy, achieving
85% success adaptation when the same item was available and 87%
when only same-class items were accessible. These results confirmed
that the intention space encoded discriminative features at both coarse
(task-type) and fine (object-instance) levels, which was essential for
robust and flexible motion imitation.

Cross-embodiment alignment

To evaluate the embodiment invariance of the latent intention space,
we defined the cross-embodiment alignment error, in analogy to the
intraclass distance used in classic cluster validation metrics. Specifi-
cally, we computed the mean cosine distance among the embedding
centroids of different robots performing the same task. This metric
quantified how tightly intention representations from heterogeneous
embodiments clustered in each task category, with lower values indi-
cating stronger alignment across robots.

As shown in Tables 3 to 5, monitoring tasks exhibited alignment
errors ranging from 0.460 to 0.499, approximately half the interclass
distance, indicating consistent intention encoding despite substantial

differences in robot morphology. The picking phase also demonstrated
robust cross-embodiment consistency (errors from 0.162 to 0.423),
even across objects with distinct shapes and grasp strategies. The
delivery phase achieved the lowest alignment errors (0.030 to
0.031), indicating nearly identical latent encoding across robots. To
summarize embodiment invariance across all tasks, we computed
the embodiment alignment ratio, defined analogously to the separa-
tion ratio as the mean interclass distance divided by the mean cross-
embodiment alignment error. The resulting ratio of 3.046 confirmed
that robots with widely varying embodiments consistently encoded
shared task intentions in a unified latent space.

Furthermore, consistent with the trend observed in semantic
separation, we found that cross-embodiment alignment errors were
smaller when comparing robots picking the same specific item than
when aggregating items in the same semantic class, as demonstrated
in Table 5. This further reinforced the latent space’s capacity to pre-
serve object-level specificity across embodiments.

This cross-embodiment alignment was functionally critical for
enabling TAILs flexible role allocation capabilities, as demonstrated
in Table 2. In scenarios where a robot became unavailable or subop-
timal, other robots could step in by evaluating the similarity of their
candidate motions in the latent intention space. This shared repre-
sentation enabled dynamic task redistribution based on individual
capabilities and availability, with minimal coordination overhead.

Comparisons with baseline methods

Recent advances in cross-embodiment transfer have explored adap-
tation between individual robots (7, 18, 44, 45). However, these ap-
proaches predominantly assume a fixed one-to-one correspondence
between a demonstrator and a learner, and they do not directly ad-
dress capability-aware role assignment and validity guarantees re-
quired for imitation in heterogeneous robot teams. To contextualize
our contributions within existing frameworks, we evaluated our
method in a simplified one-to-one agent setting, where the goal was
to generate valid motions that achieved the same intended outcome
as the demonstration. We benchmarked our approach against two
representative paradigms in agent-to-agent imitation: density-based
mapping and description-based translation.

Baseline methods

We compared IAIL against two representative baselines, a density-
based approach adapted from (18) and a description-based ap-
proach that used natural language as an intermediate representation
(46-52). For the density-based approach, the baseline learned unsu-
pervised correspondences between robot behaviors by aligning the
distributional divergence of skills extracted from motor trajectories,
where skills are defined as temporally extended behaviors. The un-
derlying assumption was that different robots share similar skill
structures for accomplishing comparable tasks, even in the presence
of substantial morphological differences. To align skill distributions

Table 3. The overall organization and generalizability of the latent space. The global interclass distance and the resulting semantic separation and

embodiment alignment ratios are reported.

Global interclass distance 0.997 + 0.003
Semantic separation ratio 3.764
Embodiment alignment ratio 3.046
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Table 4. Quantitative analysis of latent intention space structure. Each row reports the mean + SD of cosine distances for intraclass clustering and
cross-embodiment alignment across tasks. The SD was computed using models trained with three different random seeds. Lower values indicate tighter

clustering and stronger embodiment invariance.

Task type Intraclass distance Cross-embodiment error
Monitoring
My 0.499 + 0.008
0.475 + 0.002
0.484 +0.012

0 05

0.276 + 0.003

0,469 + 0.009

Prepare_| 0.352 + 0.007
Complete_handover 0.301 + 0.008
D, 0.023 + 0.002 0.030 + 0.002

Table 5. Quantitative analysis of latent intention space structure for picking up items. Each row reports the mean =+ SD of cosine distances for intraclass
clustering and cross-embodiment alignment. The SD was computed using models trained with three different random seeds. Lower values indicate tighter

clustering and stronger embodiment invariance.

Intraclass distance Cross-embodiment error
Same item Same-class item Same item Same-class item
Wood block 0.018 + 0.003 0.230+0.014 0.055 +0.011 0.162 + 0.021
C 7 +0.030

Gluegun 0,051 +0.005 .
Tape 0.019 + 0.003 0.235 + 0,027 0.061  0.009 0.358 + 0.005
Paint 0.120 £ 0.128 0.271 £ 0.006 0.103 + 0.076 0.180 + 0.053

across robots, the method used a cycle-consistency loss that maxi-
mized the likelihood of both forward and reverse translations be-
tween the source and target domains. During inference, the learner
robot encoded the demonstrator’s trajectory into a latent skill using
the demonstrator’s encoder and then reconstructed an executable
trajectory using its own decoder. In our implementation, we adopt-
ed the same encoder and decoder architectures as those used in the
IAIL framework to ensure comparability. This baseline operated en-
tirely in an unsupervised manner and did not rely on task labels or
annotations. It aimed to establish correspondences purely on the
basis of structural similarities in skill execution. In our experi-
ments, we evaluated this method using robot pairs with differing
task distributions and capabilities. Although the method could
mitigate embodiment mismatches to some extent, its performance
degraded substantially when the demonstrator and learner differed
in task distributions, because of its lack of semantic grounding in
task intentions.

For the description-based approach, the baseline represented a
class of methods that leverage language-conditioned policy learn-
ing, in which natural language serves as an intermediate representa-
tion for imitation (46-52). Rather than establishing direct mappings
between latent action spaces or trajectories, this paradigm enabled
communication between the demonstrator and learner robot through
language. This design facilitated zero-shot behavior transfer across

Chenetal., Sci. Robot. 11, eadv2250 (2026) 18 March 2026

embodiments by grounding actions in a shared semantic represen-
tation. In this baseline, demonstrated motions were first encoded
into textual descriptions that summarized the observed behavior.
These descriptions were then transmitted to the learner robot,
which decoded them into executable motor actions intended to
fulfill the described objective. To train the encoder, we followed a
contrastive learning framework introduced in (53) to align the
motion and the annotation. The decoder was implemented as a
language-conditioned policy trained to reproduce the paired motor
trajectory given the input annotation, independently for each learn-
er robot. We used the same annotated dataset to train both the en-
coder and decoder as in the IAIL framework, ensuring that the level
of supervision is matched for a fair comparison. This baseline could
be viewed as a simplified variant of IAIL that omitted the intention
association mechanism and therefore did not account for the learn-
er robot’s capabilities during action selection. In our experiments,
we evaluated this method using robot pairs with differing task dis-
tributions and embodiment constraints. Unlike the density-based
baseline, the description-based method was less sensitive to discrep-
ancies in task distributions, because its semantic grounding provid-
ed a degree of robustness. However, it lacked an explicit mechanism
to assess whether the learner robot can interpret the annotations
correctly or execute the decoded actions feasibly. As a result, when
the physical capabilities of the learner did not align with those
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assumed in the demonstration, the method frequently produced in-
valid or ineffective behaviors. This issue was particularly pronounced
in heterogeneous settings, where we observed substantial performance
variability across robot pairs with different capabilities.

Simulation tasks

The evaluation was conducted on two simulated tasks analogous
to the user monitoring and item picking phases. Simulation-based
evaluation was less affected by real-world disturbances, such as lim-
ited training data, sensor noise, or motor inaccuracies, ensuring that
the results accurately reflected the core capabilities of each method.
In the monitoring task, we focused on the effects of robot variations,
whereas in the item picking task, we focused on the effects of envi-
ronmental variations. The detailed simulation experiment setup is
provided in the Supplementary Materials.

The setup for the simulated target monitoring task is illustrated
in Fig. 4A. We used four robots (Pepper, Drone, Carter, and Wheeled
Biped) to monitor two targets: a blue box on a table and a red box
under a table. Owing to their embodiment constraints, each robot
had a different preference for monitoring these targets, influencing
their action distribution during the training and evaluation phases
(Fig. 4B). For example, 100% of the actions performed by Pepper
involved monitoring the blue box, whereas 100% of the actions per-
formed by Carter involved monitoring the red box. For the Drone,
90 and 10% of its actions involved the blue box and the red box, re-
spectively, whereas for the Wheeled Biped, 90 and 10% of its actions
involved the red box and the blue box, respectively.

The setup for the simulated item picking task is illustrated
in Fig. 5B. In this task, we used three UR5 (54) robot arms from

A Robots and tasks

Task 1: Monitor blue box

C Imitation score achieved across each robot pair

Task 2: Monitor red box

Universal Robots. The robots had identical kinematic structures but
different camera viewpoints. Each robot was assigned a specific set
of items and was tasked with picking items from the table in front of
it. At each iteration, four items were randomly selected from the as-
signed set. They were placed on the table with random positions and
orientations. The full collection comprised 18 items grouped into five
classes, as shown in Fig. 5A.

Performance comparison

We evaluated the imitation performance between all possible
demonstrator-learner robot pairs. On the basis of the alignment re-
sults after execution, we assigned a score of 1 if the learner robot
monitored the correct target or picked the same item as in the dem-
onstration, a score of 0.5 if the learner robot picked an item in the
same class, a score of 0 for skipping the action, and a score of —1 for
performing an irrelevant action. Ideally, the robot should have per-
formed the demonstrated task when possible, chosen an alternative
if an exact match was unfeasible, and remained inactive if the task
could not be completed.

The average scores achieved by each demonstrator-learner pair in
the monitoring task and item picking task are presented in Figs. 4C
and 5C, respectively. Each pair was evaluated over 500 runs, and the
evaluation was repeated three times using models trained with
different random seeds.

The results of the monitoring task are shown in Fig. 4C. The
density-based method was highly sensitive to differences in action
distributions between robots. It performed well when the action dis-
tributions of the demonstrator and learner were similar, as observed
in the Pepper-Drone and Carter-Wheeled Biped pairs. However, its

B Task distributions

Task 1: €
Monitor blue box \‘a
Pe er o 1
%, 0%
P Drone

90%, 10%

. Wheeled biped
0% 90%

Carter o

0%, 100% i

D Ratio of best

o

Task 2:
Monitor red box
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=

Drone
: =J =N
Q.
Qo
7]
o

0.5 1.0-1.0 0.5 0.0 0.5 1.0 -1.0 0.5

1.0 -0.5 0.0 0.5 l(‘,*l‘[] -0.5 ()U 0.5 l() 1(] 7[)"1
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Carter

1.0 0.5 0.0 0.5 1.0 -1.0 0.5 0.0 0.5
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) ‘ k ) 1.04
0.8 J
05 10-1.0 -05 00 05 1.0
I 0.6
1.0
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Monitored "
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—_— -—
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1.0 -1.0 0.5 0.0 0.5 1.0 -1.0 0.5 0.0 0.5 1.0 based based

Fig. 4. The simulation study involves a monitoring task designed to evaluate imitation performance across robot pairs with different task distributions in their
datasets. (A) Example poses of the robots monitoring two boxes: a blue box on the table and a red box under the table. (B) Trajectory distributions for monitoring differ-
ent boxes in each robot’s dataset: Because of embodiment limitations, Pepper can only see the blue box, whereas Carter can only see the red one. Drone and Wheeled
Biped can see both but exhibit different preferences. (C) The average task scores achieved by each demonstrator-learner robot pair. Statistics: Data are presented as
mean =+ SD. Each bar represents the mean score across N = 1500 evaluation runs. Detailed per-pair statistics including effect sizes and Cls are provided in the Supplemen-
tary Materials. (D) The ratios of selecting the most appropriate action. The evaluation was performed three times using models trained with three different random seeds.
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Fig. 5. The simulation study involving selecting a proper item on the basis of demonstrations under different environmental conditions. (A) The 18 items used in
the task, categorized into five classes. (B) Variations in the task environment include different camera angles and selectable item types. An example image from each
camera is shown on the left, and the selectable item list associated with each robot is displayed on the right. In each trial, four items were randomly chosen from the as-
sociated item list and placed on the table. (C) The average task scores achieved by each demonstrator-learner robot pair. Data are mean + SD. N = 1500. Detailed per-pair
statistics including effect sizes and Cls are provided in the Supplementary Materials and (D) the ratios of selecting the most appropriate item. The evaluation was per-

formed three times using models trained with three different random seeds.

performance degraded substantially when the task distributions in
the training data diverged (Fig. 4B). These challenging cases includ-
ed the Pepper-Wheeled Biped, Pepper-Carter, Drone-Wheeled Bi-
ped, and Drone-Carter pairs, with each robot acting as both learner
and demonstrator, for a total of eight imitation cases. To validate this
observation, we conducted two-sided Welch’s ¢ tests for these eight
robot pairs. For each pair, the test was performed on the 1500 scores
(500 runs, repeated three times using models trained with different
random seeds) achieved by IAIL and the density-based method.
Across these eight cases with substantial distributional mismatch, IAIL
significantly outperformed the density-based baseline (all P < 0.001).
The unweighted average score difference across the eight cases was
A = 1.40 with a 95% confidence interval (CI) (1.01, 1.79) (SD = 0.47,
range from 0.86 to 2.00). For transparency, per-case statistics, in-
cluding A with 95% CI, ¢, df, P, and Cohen’s d (unequal variance),
are reported in table S3.

In contrast, the description-based method demonstrated robust-
ness to distribution shifts but struggled when the learner robot lacked
the capabilities required to replicate the demonstrator’s actions. For
example, it succeeded when Carter served as the demonstrator and
Drone as the learner but failed in the reverse scenario because of

Chenetal., Sci. Robot. 11, eadv2250 (2026) 18 March 2026

Carter’s limited ability to monitor the blue box from an aerial view-
point. Similar capability mismatches occurred in four imitation
cases: Pepper-Wheeled Biped, Pepper-Carter, Carter-Pepper, and
Carter-Drone, where the former (as learner) lacked the capability to
complete some tasks demonstrated by the latter (as demonstrator).
In these four cases, Welch’s t tests again showed that IAIL signifi-
cantly outperformed the description-based baseline (all P < 0.001).
The unweighted average score difference of the four cases was A = 0.94
with 95% CI (0.84, 1.04) (SD = 0.63, range from 0.85 to 1.00). Full per-
case statistics (A with 95% CI, t, df, P, and Cohen’s d) are reported in
table S4.

Both the density-based and description-based methods share a
key limitation: They cannot detect when a demonstrated task is im-
possible for the learner robot to complete. This issue is particularly
evident with the Pepper-Carter pair, for which the average score was
—1, indicating consistent execution of incorrect actions by the ro-
bots, which could lead to failure or unexpected errors in real-world
scenarios. These findings were supported by the ratio of the best
adaptation in different scenarios, as shown in Fig. 4D. With the
description-based method, the demonstrated task was correctly ex-
ecuted when the learner robot could perform the task; however, this
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method failed to detect infeasible tasks. The performance of the
density-based method was even worse, given that it was also affected
by the action distributions of the robots.

The results of the item picking task are shown in Fig. 5C. There
was a noticeable decline in the scores of each robot pair in the item
picking task compared with the scores in the monitoring task. This
decline was due to increased task complexity and higher-dimensional
state and action spaces.

The density-based method yielded the lowest scores across all ro-
bot pairs. The description-based method performed better but still
failed to achieve an average score of 0, indicating that irrelevant or
incorrect actions were frequently executed. To validate these obser-
vations, we performed Welch’s ¢ tests across all nine imitation cases
involving different robot pairs in the item-picking task. The perfor-
mance differences between IAIL and both baseline methods were
statistically significant (all P < 0.001). For the density-based method,
the unweighted average score difference across the nine cases was
A =1.11 with 95% CI (1.08, 1.14) (SD = 0.04, range from 1.02 to
1.18). For the description-based method, the unweighted average
score difference was A = 0.63 with 95% CI (0.55, 0.70) (SD = 0.10,
range from 0.47 to 0.74). Full per-case statistics (A with 95% CI, t, df,
P, and Cohen’s d) are reported in tables S5 and S6.

A similar pattern was observed in the ratio of the best actions
performed, as shown in Fig. 5D, which reflected the trend in Fig. 5C.
The description-based method achieved good results when the ex-
act demonstrated item was available. However, its performance de-
creased substantially when adapting to an alternative item in the
same class. The density-based method struggled in both scenarios.
In addition, both methods were unable to handle cases in which the
demonstrated actions were impossible to perform.

For both tasks, our method consistently achieved the highest
scores for almost all robot pairs and across all types of imitation sce-
narios. Unlike the density-based method, which relies solely on align-
ing the action distributions of the learner and demonstrator robots,
our approach leveraged the semantic information embedded in the
robot actions. This enabled more accurate and meaningful action as-
sociation. Moreover, in contrast with the description-based method,
which relies on descriptions without considering the learner’s capa-
bilities, our method integrated context-aware motion generation and
intention-based association. This ensured that the selected actions
were both executable for the learner robot and aligned with the dem-
onstration, enabling greater adaptability to changing conditions.

In addition to the performance issues, the baseline methods had
limited scalability for supporting IL between robot teams. Specifi-
cally, they lacked the ability to compare motions across different ro-
bots and, therefore, could not effectively address the role assignment
problem in team-to-team imitation scenarios. This limitation nota-
bly restricted their applicability in complex, multirobot environ-
ments. In contrast, our IAIL framework overcame these challenges.
By leveraging semantic motion understanding and association in
the intention space, IAIL can seamlessly handle IL between hetero-
geneous teams of robots, regardless of their numbers, types, or con-
figurations. It dynamically assigns roles within the learner team on
the basis of individual capabilities and adapts to evolving task re-
quirements without relying on predefined distributions or rigid de-
scriptions. This flexibility enables IAIL to scale effectively across
diverse robotic systems, ensuring robust and adaptable performance
in real-world scenarios.

Chenetal., Sci. Robot. 11, eadv2250 (2026) 18 March 2026

DISCUSSION

In this work, we introduced the IAIL framework, which enhances
the adaptability, generalizability, and scalability of IL for heteroge-
neous robotic systems, thereby extending its applicability to dynam-
ic and complex real-world scenarios. The framework leveraged the
intentions underlying robot motions to enable heterogeneous robots
to automatically adjust behaviors on the basis of demonstrator-
learner relations, accommodating variations in tasks, robot types,
and operating environments. Our results demonstrated that the IAIL
framework substantially improves robots’ abilities to learn and per-
form tasks by imitating the behaviors of other robots. It also reduces
reliance on task-specific demonstrations requiring precise alignment
with target configurations.

This adaptability is especially critical for heterogeneous robot
teams, where robots with diverse characteristics must collaborate to
complete a wide range of tasks under changing conditions. In addition
to improving task performance, the framework’s scalability allows it
to support diverse robot team configurations, making it particularly
well suited for real-world applications.

Recent advances have emphasized learning from large-scale,
heterogeneous datasets collected from diverse robot platforms per-
forming a wide range of tasks in varied environments, such as Open
X-Embodiment (50), Octo (51), OpenVLA (52), and Heterogeneous
Pretrained Transformers (HPT) (55). These efforts aim to develop
general-purpose representations that can accelerate task learning for
individual robots and enable implicit knowledge sharing across con-
texts. However, these methods primarily focus on learning universal
policies or representations, without explicitly tackling the challenge
of transferring task-solving behaviors between robots with different
embodiments, an ability that is essential for effective cross-robot
generalization. Inspired by human imitation mechanisms, the IAIL
framework bridges this gap by using high-level motion intentions to
enable direct behavior association and adaptation in a shared repre-
sentation space (56). This formulation preserves task-agnostic rep-
resentations and enables explicit and flexible skill transfer across
heterogeneous robot embodiments. By allowing robots to interpret,
imitate, and adapt the task-solving strategies of others, IAIL fosters
more efficient collaboration and broader generalization in diverse,
real-world robotic systems.

Although our framework leverages language to explicitly repre-
sent intention, we acknowledge that intentions can also be modeled
implicitly through goal-inference processes, in which observers de-
duce goals from observational or behavioral cues (57-59). However,
in the context of heterogeneous robot teams, relying solely on im-
plicit behavioral cues is challenging, because the observable forms
of motion and action modalities differ notably between agents. In
this setting, our linguistic approach offers a complementary and ro-
bust perspective, providing a shared, high-level code for intention
that bridges embodiment gaps where direct visual or motion corre-
spondence is unreliable. Furthermore, by grounding imitation in
linguistically specified intent, our framework is closely related to
the objective of robot motion legibility in the robotics literature,
which seeks to make a robot’s goals efficiently inferable from its be-
havior (60, 61). By organizing robot behaviors in a shared inten-
tion space aligned with human-understandable descriptors, IAIL
supports both legibility and predictability, which is particularly ad-
vantageous in collaborative scenarios, especially when humans are
involved (62, 63).
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As a promising extension, integrating large language models
(LLMs) could further unlock the potential of the IAIL framework in
robotic skill acquisition and task allocation. By using the annotation
encoder trained alongside the motion encoder, the IAIL framework
can process language instructions as seamlessly as it processes dem-
onstration trajectories. This capability enables smooth integration
with LLMs, expanding the framework’s ability to interpret and act
upon language-based inputs. When given a language instruction,
the annotation encoder f; extracts the underlying intention and
identifies the motion most closely aligned in the intention space.
This allows the framework to select the action most likely to achieve
the desired outcome based on the inferred intention. If collecting
trajectory demonstrations becomes impractical, LLMs can be lever-
aged to automatically generate instructions as demonstrations. The
only required adjustment is switching the encoder from f,, to f: in
the computation of Vi,. As a preliminary exploration, fig. S5 shows
an example of the integrated pipeline for task planning and execu-
tion with a learner robot team, and a video of this example is pro-
vided in movie S3.

One limitation of our framework is identifying the decision
boundary to determine when the generated actions do not satisfy
the demonstrated task, requiring the robot to remain inactive. Now,
we apply a fixed threshold for all of the robots in the group. Although
this approach makes the system more generalizable and user-friendly,
it may hinder performance because the fixed threshold might not be
optimal for every robot. This process could be further enhanced by
automatically assigning and tuning parameters for each robot.

In the future, we intend to explore more complex imitation sce-
narios in which demonstrations may need to be broken down into
more manageable components or reassembled according to the
capabilities of the learner robots. Furthermore, we aim to incorpo-
rate multimodal inputs, combining robot trajectory data, text de-
scriptions, and sensor feedback to enable a more comprehensive
understanding of the task, thereby enhancing the flexibility and
applicability of the framework. Future efforts will focus on refining
the framework to improve its user-friendliness and accessibility.
For instance, we plan to devise methods for automatically annotat-
ing robot trajectories and tuning the hyperparameters of our mod-
el. These methods would simplify the creation of training data and
reduce technical barriers, making the methodology available to a
broader audience of researchers and practitioners.

MATERIALS AND METHODS

As described in Results, our IAIL framework operates through three
key processes: context-aware motion generation, motion intention
extraction, and motion association. These processes involve training
three types of models: the motion generator (pg ), the motion en-
coder ( pwi), and the annotation encoder (fz). The motion generator
and encoder are robot-specific, whereas the annotation encoder is
shared across robots. The following subsections provide detailed ex-
planations of the training procedures for these models, the method
for associating actions between robots, and the approach for en-
abling imitation in robot teams.

Learning process of the motion generator

The motion generator py is responsible for assessing each robot’s
capabilities in various contexts. This capability is manifested through
the action trajectories that p, can generate for each robot state. We
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trained the motion generator with a precollected expert dataset that
contains action trajectories completing diverse tasks within the ro-
bot’s domain. The objective of the motion generator is to reproduce
the action trajectories from the dataset. As a result, we can generate
safe and executable motion trajectories that enable diverse goals to
be achieved considering the context of each robot.
Collecting the robot trajectory datasets
The dataset for each robot was collected independently by human ex-
perts. The experts first defined a set of tasks and then performed these
tasks using the robot. We repeated each task multiple times, collecting
trajectories under different conditions, such as varying object types,
locations, or orientations, and different robot initial positions. When-
ever possible, we used different trajectories to complete the same task,
ensuring a comprehensive coverage of the variations in the task envi-
ronment. We recorded the robot trajectories T = (s, a), which consists
of the initial state s and the sequence of actions a = (..., ay) execut-
ed by the robot. We denote the dataset for each robot as D; and the
combined dataset from all robots as D = UY D,
Training the generator
The motion generator for robot i is modeled as a latent-variable,
state-conditioned generative model py (a|s, z), where s is the robot’s
state and z is a latent variable capturing the underlying variations in
the action sequences. This generative model was trained to repro-
duce action sequences a in the precollected dataset given different
states s. In this work, we used a variational autoencoder (VAE) (64)
to train the generative model. Alternative methods such as genera-
tive adversarial networks (65) and diffusion models (66) could
also be used.

The objective of the VAE for robot i is as follows

argmax [E
9,,6; (s,a)~D;

[y, oo [ 108(p, @15.2) = B (5, 5. l1p@) || 1)

where qg (zls, a) denotes the variational posterior distribution of the
encoder. py (als, z) represents the decoder’s posterior distribution,
which serves as our generative model. p(z) is the prior distribution
over the latent variable, which is typically modeled as a standard
normal distribution, and Pgy is a hyperparameter that balances the
reconstruction loss and the Kullback-Leibler (KL) divergence be-
tween the posterior and prior distributions. The generative model
for each robot is trained independently with its corresponding data-
set D;. Please refer to (64) for a more detailed description of the VAE.

In theory, the generative model should produce action sequences
that lie within the distribution of the training dataset. This property
allows for the sampling of safe and executable actions for perform-
ing diverse tasks within each robot’s domain. However, in practice,
the model may generate out-of-distribution (OOD) actions because
of interpolation between data samples (64, 67). These OOD actions
can lead the robot to unexpected states, introducing uncertainties
during task execution. To mitigate this issue, it is essential to iden-
tify and eliminate OOD actions from the generated actions. Such
actions are identified and eliminated through the motion encoding
and associating steps, which are detailed in the next section.

Joint learning of the motion and annotation encoders

The motion encoder p, for robot i is responsible for extracting the
intentions underlying the robot’s motions. These motion intentions
were defined by human-annotated language descriptions that cap-
ture the core objectives of the motions. The motion intentions serve
as unified motion representations across all robots, enabling each
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robot to interpret and compare its own motions with those of other
robots. The motion encoder achieves this goal by mapping robot
motions to a latent space, also referred to as the intention space,
where each dimension corresponds to a specific motion intention.

We use a shared annotation encoder f; to process the language
annotations. The robot-specific motion encoder py and the shared
annotation encoder f; are trained jointly using a contrastive learn-
ing approach. The aim of this joint training is to align the motion
encodings with their corresponding annotation encodings. By do-
ing so, we ensure that motions with similar intentions are encoded
closely together in the intention space, even if they originate from
different robots.

Annotating the robot trajectory datasets

We annotated the trajectories in the precollected datasets to construct
the motion-annotation pairs required to train the motion encoders.
Each trajectory was assigned three to five language descriptions with
varying levels of abstraction, ranging from detailed to concise. For
instance, consider a trajectory where a robotic arm picks up a white
paper cup. The annotations for this trajectory include “pick up a white
paper cup,” “pick up a paper cup,” “pick up a white cup,” and “pick up
a cup”” To further enrich the annotations, we used different synonyms
and phrasings to augment the descriptions, ensuring that the key at-
tributes of each trajectory are captured in diverse ways.

The OOD actions generated by the motion generator p, were not
included in the initial dataset. Consequently, their encodings in the
intention space did not accurately reflect the true outcomes of the
motion executions. To correctly interpret the OOD actions, we ex-
tended the dataset by incorporating actions sampled directly from
the motion generator pj (als, z) using random z values drawn from
the prior distribution p(xz). We annotated these sampled actions as
“unknown” because their precise outcomes were uncertain.

In the annotated and extended dataset D!, OOD actions were an-
notated solely as unknown, whereas in-distribution data included
both specific annotations and unknown actions. By training the en-
coders with this extended dataset, OOD actions were encoded much
closer to the unknown label in the intention space, enabling effective
identification of these actions.

Joint training of the motion and annotation encoders

The motion encoder f,, (t) processes and maps the trajectory of ro-
bot i to a multidimensional encoding. The annotation encoder f:(/)
maps language annotations to encodings of the same dimensionality
as those produced by the motion encoder. We maximized the mu-
tual information between these encodings via a contrastive learning
approach (53). In this approach, the encoding distance between cor-
rect (positive) motion-annotation pairs is minimized, whereas the
encoding distance between incorrect (negative) motion-annotation
pairs is maximized. The loss function is defined as follows

_ 71l -7
L\%i = L\v,é + L\M )
where
e(t;, [
LI*2'= -—E log ( d 1) 3)
W& ] N,-1
T,l;~D
s(ri,li)+ Z 8(17,-, lj)
l}-~D’
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and

e(t 1)

-t _ _
fue = T l; EDZ o8 N @
et )+ Z e(t; ;)
TJNDI

Here, D' represents the union of the annotated datasets of all of
the robots, T; = (s, @) is a sampled trajectory, and /; is the annotation
of t;. We construct negative motion-annotation pairs by randomly
sampling Nj, — 1 elements from D' (sampling [; for L‘vagl and ; for
qu"’g), where N is a positive integer. The negative samples t; and J;
may belong to different domains than (t;, ;). The score function &(t;,
]) is defined as the exponential of the cosine similarity between the
encodings, which can be expressed as

e(vnl) = exp((fy, (7). £D))

where f,, represents the trajectory encoder for the domain to which

)

trajectory t; belongs. The operator (,) denotes the cosine similarity
between the two inputs.

Associating motions on the basis of the intention

similarity score

When robot i receives a demonstration t; from robot j for imitation,
robot i replicates T; by associating t; with one of its executable mo-
tions. The association process involves the following steps. First,

given the current state s;, a batch of candidate trajectories {’rfk)

from the motion generator p, of robot i is sampled. Each sampled

Q)

trajectory ’rgk) = (s,»,ai ) is then encoded by its motion encoder

S, ('rgk) ), and the demonstration 7; is encoded by robot j’s motion
encoder f\v,- ('cj).
Next, each sampled trajectory for robot i is evaluated on the basis

of its validity as being in-distribution and the similarity of its inten-
tion to that of 7;. The validity is calculated as

Voalid (tl(.k)> = —e(‘rf.k), " unknown”) = —exp((f , (‘rf.k) ) i (""unknown”) >>
(6)

which represents the encoding distance between the given trajecto-

ry and the unknown label. The intention similarity is calculated as

Vagea (20,5) = (x5 ) = exp({£, (<), (+))) @)

which represents the encoding distance between the given trajecto-
ry and the demonstration ;. We use two preset thresholds, €14 and
€aligned> to define the minimum requirements for the in-distribution
validity and intention alignment, respectively. The candidate batch
B containing valid actions to replicate T; is then defined as follows

— &) | (k) (k) (k)
B= {Ti |Ti NPe,» Valigned <Ti > Tj) > ealigned’ Vvalid (Ti ) > evalid} (8)

where py denotes the motion generator of robot i and = (s,-, agk)>

i

represents the kth sampled trajectory for robot i.
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If no candidate actions satisfy both thresholds, then robot i re-
mains inactive, indicating its inability to replicate the demonstrated
task. Conversely, if one or more candidate actions meet the criteria,
then the trajectory with the highest overall score is selected for exe-
cution. The action selection policy n(t|t)) is therefore defined as
argmaxV(TEk), 'cj) if| B| >0,

B

(k)

n(tl7;) = Ve )
inactive otherwise
where V is the overall score, which is defined as
(k) (k) (k)
V<Ti > Tj) = Valigned <T,‘ > Tj) + Vvalid <Ti ) (10)

In summary, robot i selects an action that is both valid (in-
distribution) and aligned with the intention of the demonstrated
action, ensuring safe and effective imitation of motions across
different robots.

Assigning motions to the best robot on the team
When a team of robots received a demonstration t; by robot j, we
extended the action association process to leverage the capabilities
of all available robots in the team. Instead of sampling actions from
a single robot, we drew candidate trajectories from all learner ro-
bots on the team. This approach enhances the flexibility and adapt-
ability of the system by using the diverse motion capabilities of
multiple robots.

This flexibility was achieved by incorporating sample trajectories
from all available robots in the selection process, as outlined in Eq. 11.

Learner
Robot Team

>

Step 1: Team
motion generation

Step 2:
Intention extraction

We defined a set of robots, denoted as R,,,,,, representing the available
target robots in the team. The extended candidate batch B,.,,, is con-
structed as follows

B

team

team —

(k) | (k) (k) (k)
el {Ti It ~Po, Viaia (Ti ) > €lid> Valigned (Ti >“7j) > €4ligned
team

}(11)

where p, denotes the motion generator of robot i on the team and
W = (5,08
Here, s; is the current state of robot 7, and agk) is the action sequence
generated by py (si, z) with z ~ p(2).

The action selection criteria are the same as those in Eq. 9. If no
candidate trajectories satisfy both thresholds, then the robot team
remains inactive, indicating that no robot on the team is able to rep-
licate the demonstrated task. Conversely, if one or more candi-
dates meet the criteria, the trajectory with the highest overall score
V= Valigned + Vvalid is selected for execution by the robot that gener-
ated this action. This procedure is illustrated in Fig. 6.

) represents the kth sampled trajectory for robot i.

Statistical analysis

Monitoring task

We used the Welch’s unequal-variance ¢ test for the monitoring task.
Test statistics for the 16 demonstrator-learner pairs for comparing
IAIL against the density-based baseline and the description-based
baseline are reported in tables S3 and S4, respectively. The statistics
were computed using 1500 test scores for each method. For each
pair, we report the mean difference A (IAIL — baseline), its 95% CI,
Welch’s ¢ statistic, df, two-sided P, and the effect size Cohen’s d (with

Demonstration
Steps

/—Eallgned .,

Step 3:
Motion association

Step 2: Demonstration
intention extraction

Fig. 6. The process of action association between robot teams. We processed the demonstrations provided by the demonstrator team individually. For each demon-
stration, we used the following steps: (A) First, a candidate batch of actions from all of the robots on the learner team was sampled using their motion generators given
their current contexts. (B) Next, we extracted the intentions of these actions by projecting them to a shared embedding space using their motion encoders. (C) Last, we
associated the demonstration with one of the sampled actions that was within the boundary of €ajigned and was closest to the demonstration in the embedding space. The

selected action was then sent to the robot that generated this action for execution.

Chenetal., Sci. Robot. 11, eadv2250 (2026) 18 March 2026

140f 17

920z ‘Gz ARe|Nl uo (noyzbuens)) ABojouyde | pue 8duB 1S Jo A1sieaiun Buoy BuoH ay] e Hi0:eousios mmmy/sdiy woly papeojumoq



SCIENCE ROBOTICS | RESEARCH ARTICLE

95% CI). All values are shown with three decimals; P values smaller
than 0.001 are shown as “<0.001”

When scores were nearly deterministic (for example, all 1500
tests had identical scores) for both methods, the within-condition
SDs became extremely small. The corresponding ¢, df, and Cohen’s d
were ill defined or numerically unstable. For such rows, we indicate
t, df, and Cohen’s d as “~” The eight pairs with substantial distribu-
tional divergence and the four pairs with capability mismatch are
highlighted in bold in tables S3 and S4, respectively.

Item picking task

We used the Welch’s unequal-variance ¢ test for the item picking
task. Test statistics for the nine demonstrator-learner pairs for com-
paring IAIL against the density-based baseline and the description-
based baseline are reported in tables S5 and S6, respectively. For
each pair, we report the mean difference A (IAIL —baseline), its 95%
CI, Welch’s t statistic, df, two-sided P, and the effect size Cohen’s d
(with 95% CI). Following the standard practice, P values smaller
than 0.001 are shown as <0.001.
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