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Abstract— Humans are remarkably adept at imitating other
people performing tasks, afforded by their ability to abstract
away irrelevant details and focus on the task strategy of the
demonstrator. In this paper, we take steps towards enabling
robots with this ability, and present a framework, TransAct
to do so. TransAct first builds on prior skill learning work to
learn temporally abstract representations of common agent-
environment interactions in manipulation tasks, e.g., a robot
pouring from a cup. Given a human demonstration of an
unseen unknown task, TransAct then translates the underlying
sequence of interactions (i.e., the human task strategy) to a
robot learner. Through experiments on real-world human and
robot datasets, we demonstrate TransAct’s ability to accurately
represent diverse agent-environment interactions. Moreover,
TransAct empowers robots to consume human task demon-
strations and compose corresponding interactions with similar
environmental effects to perform the tasks themselves in a
zero shot manner, without access to paired demonstrations or
dense annotations. We present visualizations of our results at
https://sites.google.com/view/interaction-abstractions.

I. INTRODUCTION

Consider an amateur cook learning a new dish by watching
a chef demonstrate how to make a similar dish on YouTube;
even amateurs can achieve excellent results doing so. This
aptitude for “learning by imitation” is owed to the abstrac-
tion of human behaviours—including their own—and of the
task at hand. People ignore irrelevancies (e.g., differences
in kitchens), and focus on patterns in the environmental
changes needed (e.g., steps of the cooking process), and
skill-sequences that effect these environmental changes (e.g.,
techniques of chefs, such as chopping or stirring skills). For
example, when an amateur cook pours liquid into a pan from
a cup, they adeptly ensure the cup progressively tilts at an
increasing angle as liquid falls into the pan, by bending their
wrists above the pan. The precise angle of the bottle and wrist
matter less than the pattern of motion that both the bottle and
wrist undergo; indeed, humans performing similar pouring
motions across a variety of bottles and liquids.

This exemplifies how well people abstractly represent task
strategies. Such task strategies capture the how the task is
performed in addition to what task is performed, i.e., they
capture patterns of environmental change that occur during
a task, and the sequence of skills they need to execute to
accomplish the task at hand. The prospect of equipping
robots with these abilities is enticing. Being able to transfer
such abstract representations of task strategies would enable
robots to consume human demonstrations, then execute their
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Fig. 1. Overview of interaction abstractions learnt by TransAct. We
depict actual samples of the learnt representation space, visualized with
corresponding trajectories from both human and real robot demonstrations.
We depict 4 different interactions here, opening a box, opening a drawer,
pouring from a cup, and transporting a cup.

own corresponding skills that result in similar environmental
changes, and even compose interactions they have only
encountered individually to accomplish novel tasks.

In this paper, we take a step towards realizing this vi-
sion. Our primary contribution is TransAct, a framework
that first learns temporally abstract representations of agent-
environment interactions, then translates such interactions
from human demonstrators to robot learners. TransAct has
three important facets that enable it to do so; first, TransAct
builds on prior robot skill learning work [1], and learns
temporal abstractions of interactions, rather than modelling
lower-level states or actions. We hope to provide a higher-
level understanding of agent behaviors and their environ-
mental effects, and therefore an understanding of which of
their behaviors are needed to affect desired environmental
changes. Second, TransAct models agent and environment
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Overview of TransAct. (a) our interaction abstraction learning approach (top) and (b) zero shot transfer approach (bottom). (a) A demonstrated

robot trajectory 7" and environment trajectory 7¢ are encoded into behavioral and environmental abstractions z” and z¢ respectively, via their respective

encoders ¢" and ¢¢

. 2" and z€ are combined into a joint interaction abstraction z7. Robot policy 7 is then conditioned on 27, in addition to state inputs

s" and s°. (b) To transfer a given human query demonstration 7€ to the robot, we encode its environment abstraction, then retrieve the nearest neighbor
robot interaction observed in the training dataset, and rollout the robot policy to retrieve the transferred trajectory.

trajectories for the entire duration of any given interaction
(rather than just the start and goal), making it suitable for
tasks where the full object trajectory is important, e.g.,
pouring from a cup or stirring liquid in a cup. Third, TransAct
facilitates transfer of these interactions across human demon-
strators and robot learners. We consider in-domain transfer,
i.e., from human demonstrations collected in the same envi-
ronment as the robot learners. Despite being restrictive, such
in-domain transfer is still valuable. By transferring human
interactions to robot interactions that lead to similar envi-
ronmental effects as their human demonstrators, TransAct
enables our learner robot to compose interactions it has only
encountered individually to accomplish novel tasks specified
by the human demonstrator even without access to paired
demos, semantic or temporal segmentation annotations.
Our subsequent contributions are as follows. Second,
we introduce a new training setting with several auxiliary
objectives that imbibe TransAct with these traits. Third, we
collect real-world human and robotic interaction datasets to
evaluate our approach on. Finally, we demonstrate that Trans-
Act accurately represents various diverse agent-environment
interactions across both our real-world human and robot
datasets, and existing simulated robot datasets; TransAct
also translates real-world human demonstrations to our
real-world robot, enabling it to perform these of complex
novel tasks by composing interactions with similar environ-
mental effects. We present visualizations of our results at
https://sites.google.com/view/interaction-abstractions.

II. RELATED WORK

1) Human to Robot Imitation Learning: Many works have
addressed the human to robot imitation learning problem.
[2], [3], [4], [5], [6], [7], [8], engineer mappings between

demonstrators and robot state to facilitate imitation of hu-
man demonstrators. [9], [10], [11] have sought to learn
such correspondences between human demonstrators and
robots without manual specification, resorting to represen-
tation alignment machinery such as [12], or unsupervised
domain adaptation machinery [13], [9]. These works have
achieved remarkable success, by transferring individual states
or actions across domains. However, with the exception
of [9], these works lack a higher level understanding of
the behaviors at hand [8], [7]. We argue that such higher-
level abstractions are more transferrable across domains, as
noted in [9]. [9] itself only transfers agent motion across
domains. In contrast, our work aims to transfer higher-level
abstractions of interactions across humans and robots.

2) Spatial and Temporal Abstractions of Behavior: The
community has attempted to introduce higher level under-
standing in the form of abstractions. [14], [15], [16], [17]
learn state abstractions that facilitate ignoring irrelevant
components of environments, and making analogies across
various environment and task instances [17]. [18], [19], [20],
[21], [1], [22], [23] learn femporal abstractions of agent
behavior, that facilitate reasoning over longer-term behaviors.

Despite making significant advances in building a high-
level understanding of agent behavior, these works have
significant pitfalls. Works that learn abstraction over agent
behaviors [19], [21], [1], [22], [23], are often unaware of
the patterns of environmental and object state change they
induce (i.e., their effects). Conversely, most environmental
state abstractions are unaware of the behaviors that caused
them [14], [15], [16], [17], [24], [25]. These approaches
therefore typically need to perform a search for an appro-
priate sequence of abstractions to solve the task - a difficult
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Fig. 3. Depiction of the learnt latent representation space of interactions
from the real world robot and human datasets. Note the variety of inter-
actions captured in the space, the clustering of similar interactions from
similar tasks into similar parts of each space, and the local continuity of
each space. For dynamic version of these spaces (and similar spaces for the
other datasets), view https:/sites.google.com/view/interaction-abstractions.

problem that often requires highly engineered heuristics (to
plan with), or rewards (to learn from) to solve. In contrast,
our work attempts to model the interaction between agent and
environment; thereby enabling efficient retrieval of behaviors
to cause a desired environmental effect; thus facilitating easy
transfer of interactions across humans and robots.

3) Dynamics Aware Skill Learning: [18], [20], [26], [27]
maintain notions of pre-conditions and effects alongside
agent skills. These works typically only model the initial
and final goal environment state. In contrast, our approach
models the environment trajectory for the entire duration of
the interaction, making them unsuitable for tasks where the
object textittrajectory is important e.g., pouring from a cup,
opening a box or drawer, etc. Further, [18], [20], [26], [27]
use the agent’s own experience in a reinforcement learning
context, and are therefore unsuitable for facilitating an agent
imitating a human demonstrator, compared to our approach,
which is directly trained on demonstration data.

III. APPROACH
A. Preliminaries — Learning Behavioral Abstractions

We first describe an important building block of our
work—a behavioral abstraction framework. A behavioral ab-
straction, or skill, is a representation of an agent acting
consistently for a temporally extended period, e.g., a person
stirring (a pot), or a person flipping an object such as a pan-
cake, etc. We consider the behavioral abstraction framework
of [1]; though any such framework could be used [19], [28],
[22], [21], [29]. [1] learns behavioral abstractions, or skills,
of agents from demonstrations in an unsupervised manner.
Their method represents robot skills as continuous latent
variables 2" (subscript r depicts the agent) and introduces
a Temporal Variational Inference (TVI) to infer these skills
or latent variables. Consider an agent state-action trajectory
T ={s},af,...s_1,al_4,sl}, where s} is agent state, a}
is the agent’s action at time ¢, and n is trajectory length.
TVI trains a variational encoder ¢"(z|7") that takes as input
a agent trajectory 7" and outputs a sequence of k < n
skill encodings 2" = {z], 23, ...z} }. TVI also trains a latent
conditioned policy 7(als, 2") that predicts the agent action
a given the chosen skill encoding z, and. TVI optimizes ¢”

and 7 to maximize the likelihood of the actions observed in
the trajectory 7". We direct the reader to [1] for a thorough
description of their framework.

B. Learning Interaction Abstractions

1) Building Temporal Abstractions over Environment
State: 'We can adapt the behavioral abstractions of [1] to
learn equivalent temporal abstractions of environment state.
Such abstractions could be used to specify patterns of object
motion (more generally, changes in environmental state) that
need to occur during a task, e.g., , a bottle cap rotating
and moving up away from the bottle, or a kettle being
tilted downwards to pour from it. Consider a corresponding
trajectory 7¢ = {s$,a$,...s¢_q,al_4,s%} of environment
state s® over time. ay represents the change in environmental
state at a given timestep ¢, rather than a notion of agent
action. We construct an equivalent environmental variational
encoder ¢°(z|7¢), that predicts an equivalent sequence of
latent encodings z° = {2, 25, ..., z; }, that represent tempo-
rally abstract changes in environmental state.

2) Combining Behavioral and Environmental Abstractions
into Interaction Abstractions: We now learn temporal ab-
stractions of interactions, to build a high-level understanding
of how agents interact with their environments. Given agent
and environmental state trajectories 77 & 7° from a dataset,
we encode these trajectories into their corresponding abstrac-
tions {z],25,...,25} & {2§,%5,..., 25} via their respective
encoders ¢" and ¢¢. We then combine these behavioral and
environmental abstractions by concatenating their encodings
to form latent encodings of the interaction, {z{, 23, ..., 2.},
where ie, =z, = |z zf|. The interaction abstractions
{27} specifies the sequence of environment state changes
necessary for the task to be solved, as well as the sequence
of skills the agent needs to execute to effect these changes.
We inform the agent policy of this desired skill and desired
pattern of environmental change by conditioning the policy
m on 2’ rather than on 2" alone as in [1]. Here, we can
retrieve the agent’s action by querying 7 = 7(als, {27 }F_)).
We depict this pictorially in fig. 2.

Such interaction abstractions (as opposed to behavioral ab-
stractions alone) therefore provide a unified view of patterns
of interactions across different agents in their environments.
This in turn facilitates transfer across humans and robots,
since we can retrieve skills that result in similar environ-
mental changes across different agents.

C. Learning Representations of Interaction Abstractions

To learn representations of interactions z7 that facilitate
downstream task transfer, there are 4 properties we desire of
our representation, that TVI [1] does not afford.

1) Fidelity of underlying interactions: We would like
the learnt representation to capture a given interaction with
high fidelity, i.e., accurately reconstruct the trajectories of
both the agent and the environment from the representation.
TVI optimizes for reconstruction of the agent’s actions, but
suffers when agent and environment states deviate from the
demonstrations, due to the issue of compounding errors.
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To mitigate this, we introduce an additional cumulative
state reconstruction loss Lgtate, encouraging the model to
recover to the true states, from previous (potentially erro-
neous) state predictions made by the model itself. Given the
model’s predicted actions d;, we can integrate these actions
over time to retrieve state predictions: $; = sy— +Z§,:1 ay.
We then minimize the distance between the integrated state
predictions $; and the observed states s;, for all timesteps {,
i, Loate = Yopey |18 — 1|2

2) Architectural transfer from source to target: We fa-
cilitate transferring interactions from humans to robots via
our architecture; by adopting a factored representation 27 =
[zr ze] , where abstraction encoders ¢° and ¢" are indepen-
dent of one another. Consider encoders ¢" and ¢ trained on
a robot dataset Dr. We reuse the learnt environment abstrac-
tion encoder ¢° on arbitrarily complex query demonstrations
from any other agent collected within the same environment
in a zero-shot fashion, since the underlying environment
trajectories themselves are from similar distributions.

3) Robustness and Smoothness of Representation: We
facilitate easy retrieval and transfer of interactions across
agents, by learning a locally continuous representation, i.e.,
one that is robust to small perturbations in the input trajec-
tories, such as small differences in environment trajectories
across agents. We encourage this Frog)erty by considering the
Jacobian of the encoder J,; = 6(137,27_\7'. Past work has shown
the benefit of regularizing the Jacobian of such encoder
networks on the robustness of their representations [30] and
local continuity in the representation [31]. We follow [30],
and construct a regularization loss Lj,c to regularize the
Frobenius norm of the Jacobian, i.e., Liac = || J,|/%.

4) Contrastive Representations of Interactions: Intu-
itively, interactions from the same tasks, or interactions that
result in similar object motions (or lack thereof) are easily
retrieved if encoded into similar parts of the latent space,
and further away from interactions from different tasks or
inducing different object motions. We implement this by
employing contrastive style losses [32], [33], [34] to place
similar interactions close together i.e., being contractive [31]
w.r.t. similar interactions, and distinct skills farther apart, i.e.,
being discriminative of distinct skills.

Consider a pair of interaction trajectory segments 7, Tp,.

We introduce two contrastive losses between the represen-
tations of these interactions, z,, z,. The first loss, £:25% s
based on whether these trajectories belong to the same task or
not. For this loss, we define positive pairs via a membership
function Afﬁb}j = 1 when 7,,, 7, belong to the same task;
negative pairs simply have A:f;‘sylj =0.

The second loss, £, is based on whether their environ-
mental trajectories 7,5, 7,° are similar to each other or not. We
use the the distance between representations of environment
trajectories ||2¢, — 2¢||3 as a proxy of the distance between
these trajectories; this choice is made reasonable because the
Jacobian regularizer L;,. encourages local continuity in the
representation. In principle, distances such as dynamic time
warping distance between trajectories (as in [21]) could also
be used. For this environment-trajectory based contrastive
loss L£SoY,, we define positive pairs via a membership func-
tion A"V = 1 when the distance [|z5, — =& |3 is below a
threshold ¢. Negative pairs have A7, = 0.

For both Eﬁsbﬁ and L7, for a positive pair of interactions
(i.e., Dbelonging to the same task, or having similar envi-
ronmental trajectories), we pull their representations z,,, 2,
closer together to within a threshold e, by minimizing the
positive loss £, = max(e, ||zm — 2,//3). Similarly, for a
negative pair of interactions, (i.e., from different tasks, or
having different environmental trajectories), we push their
representations apart until they are at least € apart, by min-
imizing the negative loss £, ,, = max(0, € — ||z — zn|3).
For both E';f;sij and L3, we compute the contrastive loss

for every pair of trajectories in a batch B,

»C;{oerivwk} _ Z {Apnlh o+ (1= Apn)Lr b (D)

m,neB

where A,, ,, is the appropriate membership function from
Ajpss, Asty . We can combine these losses into a single
contrastive 10ss: Leony = L0V, + LE25%,

5) Final Objective: Our full objective supplements the
TVI objective with our proposed auxiliary objectives:
ELIA = ETVI+>\statc-£statc+>\jac~£jac+>\cont-»ccont’ where
A’s indicates the weights of our auxiliary losses.

D. Transferring Interactions from Humans to Robots

Given a human query demonstration Tiryman collected in
the same environment as Dr, we would like to transfer the
interactions present in this demonstration to a robot, such
that the environmental effects of the translated interactions
are similar to those of the demonstration itself.

We operationalize this by first encoding the various in-
teractions observed in the robot dataset Dr into a pre-
computed set of N interactions Z = {z7, 23, ..., 2} }, using
the encoders ¢" and ¢° trained on Di. We then encode the
human query trajectory Tyuman iNto a sequence of query
environment abstractions {2} | via the same ¢¢ as above.
We then retrieve the nearest neighbors of {z£}%_,, from the
environmental component of the pre-computed latent space
Z, {zg*}<_ |, and the corresponding robot behavioral abstrac-
tions {2} | that would likely cause such environmental
change. We then rollout our robot policy 7 conditioned on
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TABLE I

State Reconstruction Error. Lower is better. * represents state errors computed over environment state alone. The full TransAct approach outperforms

baseline approaches on reconstructing interactions across all datasets. TransAct also facilitates accurate reconstruction of interactions transferred from

humans to robots comparable to approaches trained on the target domain data themselves.

Dataset Baseline Approaches

TransAct + Ablations

TransAct (Ours)

TransAct (Ours)  TransAct (Ours)  TransAct (Ours)  TransAct (Ours)

VAE [35 H-DMP [36 TVI [1

[35] [36] [1] No Lstate No Ljac No Lecont Un-Factored
Real Robot Data: Dy (Ours) 0.94 1.12 0.16 0.07 0.19 0.06 0.04 0.12
Human Data: Dyy (Ours) 1.91 3.64 0.76 0.36 0.59 0.31 0.28 0.46
Human Data: Drcomp (Ours) 2.65 485 1.38 0.81 1.26 078 0.57 0.99
Human Data: Dyp (Ours) * 0.83 1.74 0.26 0.12 0.34 0.11 0.09 0.17
H2R: Dy — DR (Ours) * 3.13 3.75 2.98 0.28 0.59 1.04 1.19 2.83
Human Data: Dycomp (Ours) * 1.32 2.84 0.57 0.26 0.49 0.24 0.21 0.34
H2R: Ducomp — DPr (Ours) * 3.94 4.15 2.78 0.40 0.92 1.66 1.79 3.58
RoboTurk [37] 1.93 348 0.72 0.36 0.57 0.35 0.31 0.39
RoboMimic [38] 1.75 2.09 0.84 0.40 0.52 0.38 0.32 0.49
FrankaKitchen [39] 0.84 1.85 0.56 0.22 0.48 0.37 0.27 0.26
DAPG [40] 2.46 3.85 0.97 0.46 0.78 0.49 0.47 0.59
DexMV [41] 2.61 3.58 1.05 0.51 0.63 0.49 0.46 0.57

{zr*, 28 YK, to retrieve a robot trajectory that has the same
environmental effect as the original query trajectory Teyman-
We depict this process pictorially in the bottom half of fig. 2.

IV. DATASETS AND EXPERIMENTAL SETUP

We use several demonstration datasets to evaluate our
approach on. Together, these datasets span human and robotic
domains, real world and simulation, a variety of different
objects (e.g., boxes, cups, drawers, differently shaped pegs,
etc.), and interactions (e.g., including lifting, moving, releas-
ing, pushing, rotating etc.).

1) Real-World Setup and Datasets: We collect a two small
real-world datasets. The first is a robotic dataset Dr of a
X-ARM Lite6 robot performing 5 different tasks, Pouring
from a cup, Stirring a cup, Box Opening, Drawer Opening,
and Pick and Place. We collect a parallel dataset, Dy of a
human performing the same 5 individual tasks. We collect
another human dataset, Dycomp, performing 3 additional
tasks composed from the individual tasks in Dy;. These tasks
are BoxOpening+Pouring, i.e., opening a box, then pouring
beads from a cup into the box, DrawerOpening+PickPlace,
i.e., opening a drawer, then placing a cup into the open
drawer, and finally Pouring+Stirring, i.e., pouring beads into
a cup, then stirring the poured beads.

We collect 10 robot and human demonstrations for each
task, and 6 human demonstrations for each composed task in
Dhcomp- We collect data on a “puppet” robot, that is tele-
operated by kinesthetically controlling a “master” bot as in
fig. 2. We record the 6 DoF joint state, and gripper state as the
robot state, and treat joint-velocities and gripper opening and
closing as the robot action. For each human demonstration,
we employ the hand tracking from [42] to record a 25
dimensional joint state of the human hand (consisting of the
base of the palm, index, thumb, and middle fingers). For
the human and robot datasets, we place Apriltags [43] [44]
[45] on each of the 2 objects involved a task for object-state
estimation, and collect 6-D pose (position and orientation)
of each object as the object state (also pictured in fig. 2).

2) Simulated Datasets: We also present results on the fol-
lowing publicly available simulated robot datasets — Robo-
turk [37] (Sawyer robot), RoboMimic [38] and FrankaK-
itchen [46], (Franka Panda), and DAPG [40] and DexMV
[41] (Adroit hand). For each dataset, we use the robot joint
states and gripper state as robot state, joint-velocities as robot
actions, and the 6-D object pose of the primary object in
the respective task as the object state. Note that we assume
a fixed number of objects in each dataset, and concatenate
object poses for each object as input to our model.

V. EXPERIMENTAL RESULTS

We evaluate the ability of our proposed abstractions to
learn and transfer interactions across humans and robots, and
design a set of experiments to answer two questions. Firstly,
how well can the learnt interaction abstractions accurately
model interactions between agents and their environments?
Secondly, how well do the learnt abstractions facilitate
transferring task-strategies from humans to robots?

A. Modelling Interactions

1) Reconstructing Sequences of Interactions: We first
evaluate how accurately our model can reconstruct sequences
of agent-environment interactions. Not only does this im-
plicitly require modelling individual interactions well, but
can involve reconstructing a sequence of 15 — 20 agent-
environment interactions in some tasks.

a) Quantitative Reconstruction Measures: We encode
and reconstruct each trajectory in each dataset, and com-
pute the average mean-squared reconstruction error of both
the agent and environment state, presented in table I. We
compare our approach against several baselines based on
a non-hierarchical VAE [35], a hierarchical primitive based
approach that learns DMPs for each interaction segment (as
opposed to our learnt representation) [36], and TVI [1], the
skill learning approach [1]. As presented in table I, our
approach achieves significantly lower reconstruction errors
than the other baseline approaches, despite needing to satisfy
additional constraints imposed by the auxiliary losses.
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Fig. 5.

b) Visualizing Interaction Reconstructions: We visual-
ize reconstructions of individual interactions in fig. 1 for the
human and robot datasets. As seen in fig. 1, the real robot is
able to accurately reconstruct various interesting interactions
observed in the demonstrations, such as pulling open a
drawer, pushing the lid of a box open, and tilting an object to
pour from it. We defer visualizing entire trajectories to our
website and supplemental video due to space constraints.

2) Visualizing Space of Interactions: We also present
2D visualizations of the space of interactions for the
real world robot and human datasets in fig. 3, pro-
duced by feeding a set of interactions {z]}~ ; to T-
SNE [47]. We provide higher resolution dynamic visual-
izations of these spaces and other datasets on our website
https://sites.google.com/view/interaction-abstractions. Quali-
tatively, we note the clustering of similar patterns of motion
of objects from the same tasks into similar parts of the
latent space, manually annotated for clarity. This clustering
is afforded by our contrastive losses and jacobian regularizer.
Our interaction abstraction space is able to capture a variety
of different interactions, including picking objects, tilting an
object (for pouring), pushing a box lid open, etc.

Depiction of human query demonstrations for 3 different compositional tasks, as well as 2 transferred trajectories each executed on the robot.
At the top, our approach translates the human sequence of reaching and opening a box to a sufficient angle to pour into, releasing the box, grasping
and transporting a cup above the box, before pouring beads from the cup into the box. In the middle, we observe it is able to translate reaching to and
opening the drawer, reaching and grasping the cup, transporting and placing the cup before finally returning. In the bottom, it similarly reaches for a cup,
transports it above another container, pours beads, and then subsequently grasps a stirrer and stirs the container. Our approach is capable of doing this
despite significant variation in the relative configuration of the objects.

B. Facilitating Human to Robot Task Transfer

We now assess our framework’s capability in transferring
interactions between humans and robots.

1) Analysis of Human-to-Robot Transfer Reconstruction:
We transfer query demonstrations from our human datasets
Du and Drcomp Via the approach described in section III-
D. We reiterate that the model is trained only on Dg, but
evaluated on Dy and Dycomp. Retrieving query trajectories
from Drycomp having trained our encoders on Dg evaluates
how well the model can compose seen interactions into novel
and more complex sequences previously unseen by the robot.

We compute the reconstruction error between the environ-
mental state of the rollouts and the query demonstrations (the
agent states are incomparable in general); these results are
presented in table I in rows H2R Dr — Dy and H2R Dy —
Ducomp, With the reconstruction error of a model trained on
the human datasets Dy and Dycomp as baselines in rows
Du * and Dracomp *. In the transfer rows, H2R Dr — Dy
and H2R Dr — Ducomp, the transferred robot trajectories
are able to achieve environment state reconstruction errors in
similar ranges to those from the approach trained on Dy and
Drcomp respectively. The baseline approaches and ablations
of our approach without L.on¢ and Lj,c all learn latent
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spaces where nearest neighbor retrieval from human to robot
trajectories results in unrelated and inaccurate trajectories,
leading to poor transfer reconstruction.

We visualize these transferred trajectories in fig. 5. Our
approach composes sequences of robot-environment interac-
tions to complete these novel compositional tasks specified
by their human demonstrations. Note the ability of our
model to follow the high level sequence of skills observed
in the demonstrations. This is particularly notable despite
our approach having access to only task-level labels, but
not temporal segmentation labels, skill-level semantic labels,
or other forms of supervision. Our approach is able to do
this despite variation in the relative configuration of the
objects from the human queries - indicating our approach
goes beyond stitching together demonstrated trajectories. Our
approach learns a spatially and temporally abstract represen-
tation of these interactions that offers a unified perspective
of interactions across domains.

2) Analysis of Transferred Latent Spaces: We also present
a visualization of the transferred latent space in fig. 4, akin to
the visualization of the latent space in fig. 3. The transferred
space shows that our approach can compose individual inter-
actions to transfer human query demonstrations that consist
of novel interaction sequences. The transferred space is also
clustered similarly to the original robot latent space, despite
being queried in a zero-shot fashion on human trajectories,
further exemplifying the viability of our transfer approach.
These results together indicate the ability of our approach to
transfer human interactions to robot interactions that have a
similar effect on their environments.

C. Ablation of various loss components

To determine the efficacy of our proposed auxiliary losses,
we present an ablation study in the right half of table I,
where our approach is trained without each one of the
auxillary losses in different columns. As expected, removing
the state-reconstruction loss Lgiate hurts the reconstruction
performance for all datasets, as well as the human to robot
transfer. Interestingly, removing the Jacobian and contrastive
losses Ljac and Leont improve state reconstruction on most
individual datasets, but drastically hurts the downstream
transfer performance. Here, the model is able to place more
emphasis on reconstructing trajectories accurately, but fails
to create a latent space conducive to transfer. Using a
non-factored encoder model achieves similar reconstruction
performance as our factored approach, but fails to aid transfer
as ours does; this may be attributed to nearest neighbor
retrieval of joint agent-environment abstractions z’ being
less meaningful for different agents than retrieving pure
environment abstractions.

VI. LIMITATIONS

In its current form, TransAct requires human demonstra-
tions be collected in the same environment as the robot
demonstrations. Relaxing these conditions would improve
the applicability of our approach to human demonstrations in
the wild, such as YouTube videos efc. We believe this could

be achieved by constructing additional objectives to ground
environmental states between human and robot domains, as
in [12], [16]. TransAct is also currently unable to detect
and recover from task failures from the stochastic nature of
contact; this may be remedied by running a closed loop robot
policy conditioned on learnt or transferred interactions.

VII. CONCLUSIONS AND FUTURE WORK

Our primary contribution is our TransAct framework,
which first learns abstract representations of agent-
environment interactions, then translates such interactions
from human demonstrators to robot learners. Despite the
limitations listed above, TransAct serves as a valuable tool to
enable learner robots to consume human task demonstrations,
and compose interactions with similar environmental effects
encountered individually to accomplish these novel tasks
specified by a human demonstrator. TransAct’s ability to
model both the agent and environment for the entire duration
of their interaction is powerful. This is particularly valuable
when a learner robot has some primitive skills, but learning
how to compose such skills to solve more complex tasks
is expensive, a scenario that is increasingly prevalent in the
robotics community. We hope that our work on enabling the
transfer of task strategies (the how and the what of tasks)
from humans to robots facilitates further research in this
domain.
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