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Abstract—Observational learning requires an agent to learn
to perform a task by referencing only observations of the
performed task. This work investigates the equivalent setting in
real-world robot learning where access to hand-designed rewards
and demonstrator actions are not assumed. To address this data-
constrained setting, this work presents a planning-based Inverse
Reinforcement Learning (IRL) algorithm for world modeling
from observation and interaction alone. Experiments conducted
entirely in the real-world demonstrate that this paradigm is effec-
tive for learning image-based manipulation tasks from scratch in
under an hour, without assuming prior knowledge, pre-training,
or data of any kind beyond task observations. Moreover, this
work demonstrates that the learned world model representation is
capable of online transfer learning in the real-world from scratch.
In comparison to existing approaches, including IRL, RL, and
Behavior Cloning (BC), which have more restrictive assumptions,
the proposed approach demonstrates significantly greater sample
efficiency and success rates, enabling a practical path forward
for online world modeling and planning from observation and
interaction.

I. INTRODUCTION

You are learning how to receive a baseball pitch for the
first time. Before you, a player demonstrates how to play by
receiving a pitch and striking the ball far into the distance.
Now your turn, you place your feet at the plate and align
your body to best mimic what you observed. Then, the pitch
comes and you begin your swing. You feel the inertia of the
bat resist your movement; you feel your feet pivot and shift as
your weight re-distributes; you observe the ballistic trajectory
of the ball as it approaches you from the mound. While you
may miss the first time, you have learned about the subtle
challenges that your demonstrator encountered that you could
not see but only experience for yourself. |

Even when learning from a demonstration, such as in
baseball, rarely are we capable of performing a task im-
mediately without ever having attempted it firsthand. This
reality suggests an accessibly scalable problem setting for
robotics via observational learning, where only observations
of non-expert end-users can be referenced while learning and
improving with experience.

While there are many approaches to learning-from-
observation (LfO) and policy improvement in robot learn-
ing, effective methods can require vast amounts of prior
or online data in addition to direct action supervision (e.g.
tele-operation). Often, these methods produce large, unwieldy
models trained using domain knowledge, embodiment-specific

Experiment videos, code, and more on project website at:
https://uwrobotlearning.github.io/mpail2/

data, or expert operators [49, 34]. As a consequence, exten-
sions of the approach to complex robotic embodiments and
demonstrations from novice end-users remain challenging.

Recently, Model Predictive Adversarial Imitation Learning
(MPAIL) was proposed as a planning-based Inverse Rein-
forcement Learning (IRL) algorithm for observational learning
without access to reward information [16]]. MPAIL aims to
learn behaviors from scarce amounts of demonstration and
online data. By deploying its learned components (reward and
value functions) online in planning, MPAIL demonstrates high
real-world robustness and sample efficiency in navigation in
comparison to policy-based LfO methods.

Like other IRL methods, MPAIL remains limited in its scal-
ability to more complex observations and tasks without fur-
ther modifications; for instance, MPAIL employs state-based
dynamics, purely random plan sampling, on-policy methods
for improvement, and massively simulated interactions. Mo-
tivated by MPAIL’s demonstrated potential in real-world data
efficiency and robustness for observational learning, this work
presents MPAIL2, which aims to scale Inverse Reinforcement
Learning from Observation (IRLfO) by introducing off-policy
learning, multi-step policy optimization, and world modeling.

This work presents the following contributions to the best of
our knowledge: (1) this is the first work in IRLfO demonstrated
purely in the real-world from scratch without prior modeling
assumptions. (2) By enabling real-world IRLfO for visual
manipulation, we find that this paradigm unlocks significant
interaction efficiency improvements over common baselines
in visual manipulation. Where baseline methods in RL with
demonstrations see no success after over an hour of real-world
training, MPAIL2 sees consistent success within 40 minutes or
less. Evaluations include comparisons to RLPD and Behavior
Cloning (Diffusion Policy), which operate under less general
scopes and are provided greater data access [3} [7]. (3) Finally,
MPAIL2 significantly improves on interaction efficiency while
learning representations towards world modeling. This is the
first work in RL with demonstrations exhibiting online transfer
learning of new tasks purely in the real-world from scratch.

II. RELATED WORK

Methods in Learning from Observation (LfO) learn to per-
form tasks from observation alone. Along with its implications
in learning from videos, LfO is perhaps the closest problem
setting to robot learning with minimal to no direct supervi-
sion. Since, it is theoretically unencumbered by requirements
of hand-designed rewards used in Reinforcement Learning
(RL) and human teleoperation used in Imitation Learning.
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Overview of MPAIL2. (0) The learner observes a task demonstration and stores the observations before training. (1) The learner observes the world,
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and encodes the observation into its current latent state, zo = e(0). The learner’s policy 7 suggests reactive, possibly suboptimal actions (purple dotted lines).
Before executing any actions, the learner predicts and evaluates the world at future latent states to derive a plan by using the pictured component models. This
process involves: (a) randomly sampling action sequences (i.e. plans) for evaluation (not pictured); (b) predicting trajectories implied by sampled plans using
the dynamics model 2z’ = f(z,a) (dotted lines); (c) and finally, predicting the total return of a plan by adding up the rewards of its implied state-transitions
r(z,2’) with terminal value bootstrapping Q(z,a). (2) An action a is executed according to plans with higher returns; the world’s response to the action
is observed o’; and the interaction (o, a,0’) is accumulated in the learner’s experience. Learning occurs by updating all of the component models over the
collective experience. Initial task observations are used only to update the reward model.

However, in practice, many LfO approaches require hours
of demonstration and domain data for learning seconds-long
tasks (26, [49] (8] [40]. Domain-specific representations and pre-
trained encoders can help reduce data requirements but inci-
dentally can reduce method generality. For instance, in [49],
a visual hand detector and state estimator are required for
demonstrating kinematic plans for a manipulator’s low-level
controller. Additionally, the generalization of these approaches
to broader settings like mobile navigation or non-quasi-static
domains is not straightforward.

Inverse Reinforcement Learning from Observation (IRLfO)
is an approach to LfO which is known to significantly reduce
the required demonstration quantity, often to just one-to-few
demonstrations [16, [O] [10]. However, in reinterpreting
demonstrations as reward, IRL trades off demonstration ef-
ficiency for interaction efficiency, often requiring impractical
amounts of online interaction for real-world learning [16) [9}
[10. 45].

Of many approaches to improving sample efficiency in
RL, this work investigates world modeling and Model-Based
Reinforcement Learning, motivated by the discussions in Sec-
tion In particular, planning-based learners in RL have
demonstrated remarkable potential and efficiency in simulated
experiments [21]). For real-world robot learning, planning-

based learners have also been shown to be substantially more
robust than policy networks [16].

To the best of our knowledge, no prior works in planning-
based learners have investigated the setting of real-world IRL.
Notable is the model-based IRL work in [43] demonstrating
visual reaching in the real-world. Further, MPAIL is the
only IRLfO algorithm demonstrating sufficient robustness for
real-world deployment without assumptions upon the inferred
reward [16]]. Notable related works assuming access to demon-
stration actions or reward include [24, [9] 43]).

IIT. MODEL PREDICTIVE ADVERSARIAL IMITATION
LEARNING 2

A. Problem

Observations of task demonstrations are provided to the
learner. Its goal is to reproduce these observations as best
it can. Consider the Partially Observable Markov Decision
Process (POMDP) to define the environment using the tu-
ple (S, A,0,T,R) denoting the state space, action space,
observation space, transition model, and reward respectively.
Beyond task observations, access to the true reward R
is not assumed in any further capacity; for instance,
goal and terminal observations and states are not assumed
since they imply knowledge of R and T [23]. Additional



Algorithm 1 MPAIL2
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reward and termination knowledge is orthogonal to our setting
and subsequently points to promising future work. Assumed
known are task observations, {o1.7,} € D with variable task
lengths T;. The learner is to infer a reward » ~ R using
these examples that would be maximized for task observations
relative to other potential policies,

argmax Ep[r] — maxE, [r]. (D
reR mell

Recognizable as apprenticeship learning [1]], this ambiguous
objective will be better algorithmically defined in the following
section using components of our proposed world model.

In [16l], MPAIL is realized with state-based dynamics as
well as on-policy reward and value optimization which renders
the algorithm too sample inefficient for real-world learning.
Here, we re-formulate and design MPAIL2 for off-policy

training and latent planning using the following components,

Encoder zt = ey (o) (®)
Dynamics Ziv1 = fy(ze, ap) )
Inferred Reward re = 10(2¢, 2e41) (10)
Value gt = Q¢ (2, ar) (11)

Policy At H ~ To(-|2t) (12)

As outlined in Algorithm [T} each component is updated
separately from other components in each learner update. The
remainder of this section provides details on the training losses
of these components.

B. Encoder & Dynamics

The encoder and dynamics model are trained jointly using
only sequences of transitions (i.e. trajectories),

) t+H
7= {zv,ar, 2o 1 0 (13)

The time subscript is dropped in some cases, such as
in Equation (5), when distinguishing the beginning index is
inconsequential to the loss. Transition sequences with length
H are the building blocks to our learning objectives and
are henceforth assigned a shorthand notation for convenience;
bolded symbols denote temporal sequences of length H be-
ginning at time ¢. For instance, a; := a;;+pg—1 denotes an
action sequence from time ¢ to ¢t + H — 1.

We also distinguish predicted from experienced objects
using _ (hat) to indicate a result of a predicted latent. For
instance, 7y = 79(Z¢, 2¢41) and ¢ = Q¢ (24, a¢) are predicted
whereas r, = rg(z, zi+1) and ¢ = Qc (2, a,) are obtained
from experienced and encoded data from the replay buffer.

Terminology. Given an initial observation o; and plan ay,
let the predicted trajectory be a sequence of transitions,

Fo(ag) = {2y, ap, o1 Yo (14)

where

241 = fzp(ét,at)7 By = = ew(ot) (15)

Let 77 := 7:(&;) further denote a policy-planned trajectory
in which actions are sampled from the policy 7.

As the dynamics model is deterministic, plan and trajectory
are used interchangeably. For instance, policy plan is equivocal
to policy-planned trajectory. Likewise, the encoder allows
direct sampling of latent experienced trajectories from the
buffer 7, ~ e, (B) and expert data {z,2'} ~ e, (D) where
each z, = e, (0;), used in Algorithm [1} eq. (3).

More complex, probabilistic models are not evaluated in this
work but are orthogonal and deserve discussion. For instance,
consider the Recurrent State Space Model (RSSM) [[15], as
used in [21]. The RSSM conditions rewards on the learner’s
recurrent hidden state. Thus, imitation learning using the
RSSM, along with other popular RL methods like RLPD [3]]
are enabled by assuming access to expert actions but remain
valuable future work in settings with access to action labels.



Objective. The optimization objective of the dynamics
model is a self-supervised latent prediction loss as in Equa-
tion (). The encoder and dynamics model depends only
upon observed trajectories. Downstream task-related losses
are not used to update the latent representation or dynamics.
This has valuable implications on the ability for only the
encoder and dynamics model to be pre-trained or inherited
and continually transferred across tasks, since its predictions
are entirely independent of any downstream task-related heads.

C. Inferred Reward

Adversarial Imitation Learning (AIL) algorithms compute
Equation (I) by alternating updates to the reward  and policy
7 in a game-theoretic manner. As a result, AIL has been shown
to be highly sample efficient among IRL algorithms [20].
Though, in practice, it is often unstable to train. On-policy
updates, where updates for both reward and policy depend
upon only the previous policy’s interactions, exacerbate this
instability and worsen interaction efficiency [23].

Instead, the reward can be trained using all experienced in-
teractions in an off-policy manner, which serves two purposes
for MPAIL2. In addition to improved sample efficiency, an
off-policy reward is required to maintain its accuracy in all
states, whereas an on-policy reward converges meaninglessly
to a constant [11]. Reward accuracy in a greater coverage of
states is necessary for planning, which seeks to re-optimize
the policy at each step by randomly sampling actions online
in the environment. However, we remark that random online
sampling is a consequence of the chosen planner, MPPI [50].
We hypothesize that reward attention can be better focused
under a more suitable planner and is promising future work.

The objective of the inferred reward is given by

argmax Ep[r(z, 2')] — Eg[r(z,2')] .
reR

(16)

Supervision of the inferred reward rg arrives from the principle
that the expert performs optimally in expectation when com-
pared with “other policies”. Observe that “other policies” are
represented by the off-policy replay buffer B. In practice, this
reward objective requires additional regularization for stability.
We find the Gradient Penalty as used in the Wasserstein GAN
formulation [2] to be the most effective,

GP (r,7,d) = B¢ 2y {(Hv(g?g,)r(z,z’)HQ — 1)2] , (7

where Z are uniformly sampled linear interpolations between
learner (z,2’) € 7 and expert (z,2') € D latent state-
transitions [[13].

The inferred reward ry forms the foundation of the value and
policy in the same manner in which it does for RL methods.

D. Value

The value @ is trained in an entropy-regularized, off-policy
manner [14] using a A-return target G, defined in the next
section. Additional learning stabilization methods such as
ensembling [6] and polyak updates [14] are employed as
previously contributed for latent-planning in the RL setting

under known reward [17]. The overbar in the return G
indicates that it employs the slower, offline target value Q.

In prior work, direct value function optimization using
demonstration data eliminates the need for unstable, adversar-
ial training of the reward [12]. However, this approach invari-
ably requires access to action labels but points to promising
future work in this setting.

E. Policy

Planners can be computationally slow due to the sequential,
auto-regressive nature of dynamics rollouts. By requiring ad-
ditional inferences from single-step policies 7(a|z) in tandem,
existing work in planning-based learners often double the
computational demand during online planning [18]].

Towards faster, real-time control, we choose to solve for
a multi-step policy 7(as.+4p—1]2¢). This is motivated by two
characteristics of planning-based learners: (1) online improve-
ment of a policy via planning presumes unreliable policy out-
put. (2) the planner often does not choose plans generated by
the policy, especially early in training. Thus, we hypothesize
that the primary role of a policy network in planning-based
learners is to support off-policy value optimization and to
seed online planning [[17]. Given this intuition, the multi-step
policy aims to leverage the high in-distribution performance
and memorization capacity of policy networks to save on
online computation.

The multi-step policy 74(a;|2;) therefore yields full plans
rather than immediate single-step actions. It is optimized over
a TD(\)-like return along H-length predicted rollouts [44]. At
a given time ¢, the policy objective is

max Ea,~r(|z0) [G7(F])] (18)

where the return G7 is computed by functionally recursing
through the policy plan 77 = 7(a;),

G?("A'g:wH) = Ady + (1= A) [ft’ + 'YG?(%?/-;-LH-H)]
—alog e (ap|zt)

19)
beginning with ¢’ := ¢ and terminating with ¢/ = ¢t + H
such that G} (77, pyrn) = Giym. o is the temperature

coefficient as in [14] and is automatically tuned such that
the policy remains at a target entropy at each action step.
We can interpret A € [0, 1] as how much the current return
estimate should depend on the current (Q-value rather than
the predicted model-based return thereafter. As a result, this
objective supervises every predicted action along the multi-
step policy with a spectrum of data-driven model-free and
model-based return [4]. Finally, as in [14], the policy’s actions
are entropy-regularized at each step along the plan. All terms
in this objective are fully differentiable with respect to each
action step.

F. Planner

As briefly discussed in Section |III-E} we hypothesize that
while policies (i.e. modules which predict actions) operate re-
markably when in-distribution, they generalize poorly without
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Fig. 2. Top. Simulation of MPAIL2 on the Block Push (state) task at three
time steps along an episode. Bottom. Predicted plans in the XY plane (top-
down) for the next one second at each time step. End-effector plans are drawn
in green. Block plans are drawn in . Block trajectories, static in the
leftmost frame, become dynamic as the robot approaches and makes contact.
These predictions show how the agent gradually learns to plan over physically
causal relationships, like contact. Note: planning occurs in latent space. This
visualization is made possible by a separately trained decoder.

the ability to refine, or optimize, their decisions iteratively on-
line. Much prior work has demonstrated that iterative methods,
like MPAIL [16], Diffusion Policy [7], and more [33], are
powerfully efficient, implicit, action representations in robot
learning. Under the world modeling perspective, this online
refinement arrives in the form of a planner.

As online model-based policy optimization, planning invites
endless approaches which are orthogonal to this work. Here,
we have chosen Model Predictive Path Integral (MPPI) [50]
due to its simplicity, extensibility, and familiarity in other
planning-based learners [16] [T7]. MPPI aims to solve for
the next multivariate Gaussian distribution over plans,

H—1
argmax Ea, nr(u,00) |V Gert + Z Yy | T (ay)
K0t t'=t
(20)

where the predicted rewards 7 and values ¢ are used to estimate
the predicted return of each plan 7(a).

Complete algorithmic detail of MPAIL2’s planning pro-
cedure during training, as well as any modifications from
vanilla MPPI, is given in Algorithm [2] Figure [I] illustrates
the algorithmic procedure during planning.

IV. EXPERIMENTS

Self-prediction is a capability demonstrated previously by
MPAIL through navigation experiments [16]. However, to
robustly plan in the natural world, an agent must also be
capable of predicting behaviors external to itself, such as
objects or other agents (Fig. [2). Experiments in this work turn
towards manipulation to validate world modeling capabilities
of MPAIL2 as the learner must understand how its actions
affect external, partially observable, and partially controllable
states.

Scope Known Reward  Task Actions  Task Observations  Online
IRL(fO) v v
RLPD v v v v
BC v v

TABLE I. Summary of Scope Assumptions. The IRL from Observation

setting does not make any assumptions on task reward, and does not require
actions in the demonstration data, unlike other common approaches for robotic
manipulation, like RL and BC.

The following experiments aim to validate MPAIL2’s design
choices towards real-world sample efficiency by comparing
the approach with other IRL methods. We also compare
to state-of-the-art baselines in Reinforcement Learning (RL)
and Behavior Cloning (BC) that are frequently chosen for
manipulation tasks similar or equivalent to those investigated
here. In Section[[V-C| MPAIL2’s capabilities as a world model
is investigated through a knowledge transfer experiment where
two real-world tasks are trained in sequence.

Disclaimer: while easily interpretable, evaluations which
use demonstration data generated from synthetic policies, con-
verged under known reward, correlate poorly with evaluations
using imperfect human demonstrations [33]]. The experiments
in this work use only human-operated demonstrations, and
evaluation metrics are designed to best capture human intent.
Explicit reward, metric, and success definitions where applica-
ble can be found in Section Bl Evaluation of a method in a task
also include performance metrics of two model checkpoints:
Best indicates the best performing model checkpoint given
evaluation statistics over a training run; Last indicates the
last model checkpoint in training. In applications, it may be
impossible to extract the “best” model when clear performance
measures are not readily available. Thus, /ast model evalua-
tions help better quantify performance in the event that training
should be run indefinitely.

Baselines

We compare and evaluate the following baselines, organized
by their problem scope (summarized in Table [I):

1) IRL Methods as Ablations: Methods like AIRL [11]],
MAIRL [43], and DAC [23] fall within the same scope as
MPAIL?2 by adhering to the IRL setting, where rewards are not
known. Though these methods are not originally proposed for
the observation-only setting, we follow [46] to trivially extend
them by learning rewards over (latent) state-transitions without
actions. More complex IRL extensions, such as [38] 48], have
proposed modifications to model classes or losses to improve
sample efficiency or stabilization. These extensions are or-
thogonally applicable to all AIL methods, including MPAIL?2,
and are thus excluded to reduce experimental complexity but
remain promising future work.

MPAIL2 makes several well-established but indispensable
modifications (in Section [[II] and in modern work [17, [3,
27]) towards real-world sample-efficiency. To the best of
our knowledge, these modifications have not previously been
demonstrated in prior work for IRL in simulated nor real-world
settings. Nonetheless, other IRL methods need be evaluated



(a) Pick and Place (Real)
Fig. 3.

‘ (b) Push (Real)

Overview of evaluation tasks. We evaluate our method and baselines on 4 tasks - 2 in sim and 2 in real. The Pick and Place tasks (a,c) involve
reaching the block, grasping it, lifting and placing it beyond a target line. The Push tasks (b,d) involve reaching the block and pushing it beyond a target line.

Implementation Planning Model  Off-Policy Close to
MPAIL2 v v v

MPAIL2 [—P] v v MAIRL
MPAIL2 [—PM] v DAC [23]
MPAIL2 [—PMO] AIRL [T

TABLE II.  Summary of IRL Ablations. As discussed in Section [[V] IRL
baselines in this work benefit immensely from techniques and designs used
in MPAIL2 and real-world RL. For precision, baselines like MAIRL, DAC,
and AIRL are alternatively viewed as ablations on MPAIL2 without specific
components.

under the same modifications to draw meaningful method-
ological conclusions. To avoid any unintended miscrediting
of prior work and for clarity, Table [II] reports each baseline
under its closest taxonomic category. We emphasize that the
baseline evaluated corresponds to the particular implementa-
tion adopted in this work.

MPAIL2 [—P] (also [—P]) denotes MPAIL2 without online
planning. [-PM] denotes MPAIL2 without online planning
nor model-based methods. [-PMO] denotes MPAIL2 without
online planning, model-based methods, nor off-policy replay.
Table [ summarizes IRL methods evaluated in this work
and their differences. All implementation details, as well
as precise divergences of baselines from previous work, is
clarified in Section

2) Reinforcement Learning with Prior Data (RLPD): When
reward and actions are provided, RLPD has previously demon-
strated remarkable sample-efficieny in real-world training from
scratch. We compare MPAIL2’s sample efficiency (without re-
ward and action access) to state-of-the-art RL implementation,
RLPD [3], using the known dense reward where applicable as
well as action-labeled demonstrations. RLPD employs several
well-established design choices for sample-efficient real-world
RL with demonstrations, some of which MPAIL2 has drawn
upon. Its implementation is provided by [27]. Further details
and discrepancies are shown in Section

3) Behavior Cloning (Diffusion): Diffusion Policy (DP) is
a highly successful implicit, and similarly iterative, policy
approach to Behavior Cloning (BC) when action labels are
provided, only offline training is allowed, and long inference
times are permissible [[7]. DP evaluations contextualize ideal
performance when In-Distribution (ID) to the demonstrations.
BC is provided unlimited offline updates until convergence.

(c) Pick and Place (Sim) (d) Push (Sim)

A. Simulated Sample-Efficiency Experiments

Simulated experiments conducted in IsaacLab [32] are
image-based unless otherwise stated. As in popular manip-
ulation setups [34]], image-based task observations
include arm proprioception and two camera images: one
camera mounted on the wrist of the robot and the other camera
affixed to the table and raised to some height. In simulated
experiments, the initial configuration ranges are consistent: a
4 x 4 cm block is placed uniformly at random within a 10 x 6
cm region.

Hyperparameters are kept constant for MPAIL2 and its IRL
ablations across all experiments. Metrics are reported over five
seeds for statistical significance. Detailed observation space,
action space, and other settings are given in Section [B] Fig. ]
shows the performance of all methods on the three tasks.

1) Block Push. The arm navigates to the cube until it
is within the gripper. While ensuring that the cube is
stably within the gripper, the arm moves in the —y
direction, pushing the cube along. The arm stops once
the cube has reached y = —0.1. 27 demonstrations are
provided. Failure often results from moving the cube
without accounting for its unstable pushing dynamics.
The agent must constantly re-adjust whenever the cube
is perturbed off-center to the gripper.

2) Block Push (state). In the state-based variant, only
the observation space changes such that the cube’s 3D
position and orientation is provided in place of the
camera images. 27 demonstrations are provided.

3) Pick-and-Place. The arm navigates to the cube until it
is within the gripper, where it closes to grasp the block.
With the block grasped, the arm first raises directly
upwards 15 cm, then moves in the —y direction beyond
the target threshold, and finally lowers the block to the
table. The gripper releases the block. 30 demonstrations
are provided.

B. Real-World Sample-Efficiency Experiments

As [-PMOY] (AIRL) does not show any improvement within
the simulation experiments, we omit the baseline from real-
world experimentation as purely model-free method perfor-
mance is better represented by [—PM].

Random resets are experimentally controlled for via pro-
grammatic management. Resets are not selectively chosen by



Sim: Block Push (State)

Sim: Block Push

Sim: Pick and Place

Cumulative Success Count

— MPAIL2
MPAIL2 [-P]
MPAIL2 [-PM]
MPAIL2 [-PMO]

---- RLPD

200 400 600 800

Number of Environment Steps (x102)
Fig. 4. Cumulative successes in simulated experiments. Offline results of BC are shown in Table

Last Best Checkpoint
Models Success (%) # Success (%)
Sim: Block Push (State)
MPAIL2 88.0+ 6.0 500 88.0+ 6.0
MPAIL2[-P] (MAIRL) 32.0+ 19.4 500 32.0+ 19.4
MPAIL2[-PM] (DAC) 25.0+ 10.7 200 43.0+ 21.0
MPAIL2[-PMO] (AIRL) 8.0+ 8.0 300 &80%+ 8.0
RLPD 60.4+ 12.5 500 60.4+ 12.5
BC 602+ 16 — 602+ 1.6
Sim: Block Push
MPAIL2 73.0 &+ 13.3 300 82.0+ 5.1
MPAIL2[-P] (MAIRL) 35.0%+ 15.2 200 49.0+ 21.8
MPAIL2[-PM] (DAC) 59.0+£ 20.8 500 59.0+ 20.8
MPAIL2[-PMO] (AIRL) 0.0 300 16.0+ 16.0
RLPD 0.0 500 0.0
BC 316+ 20 — 316+ 20
Sim: Pick and Place
MPAIL2 50.0 &+ 8.4 300 58.0 = 14.5
MPAIL2[-P] (MAIRL) 41.0+ 21.4 500 41.0+ 21.4
MPAIL2[-PM] (DAC) 33.0+ 19.6 500 33.0+ 19.6
MPAIL2[-PMO] (AIRL) 0.0 100 0.0
RLPD 0.0 500 0.0
BC 466+ 23 — 46.6+ 2.3

TABLE III. Comparison of the performance of our method against baselines
on simulation tasks. Best indicates the best performing model checkpoint
given evaluation statistics over a training run; Last indicates the last model
checkpoint in training. Evaluation metrics are computed over 100 trials per
checkpoint across 5 randomly generated seeds.

the human standby operator. Each method is trained on three
seeds per task for statistical significance. Fig. [5] shows the
performance of all methods on the three tasks.

1) Block Push. The real world setup is similar to sim-
ulation. The experiments are conducted on a Franka
robotics arm. The observation space includes 64 x 64
RGB images from a fixed table-top RGB camera (Intel
RealSense D435i), a wrist-mounted RGB camera (Intel
RealSense D435i) rigidly attached to the arm’s wrist and
proprioception. Actions are defined in end-effector space
and include Cartesian velocity commands in X, y, and
7. At the beginning of each episode a 5 cm X 5 cm
cube is placed in a 18 cm x 18 cm reset region. The
target line is 21 cm from the center of the reset region.
Demonstration data is collected in the real world via
space-mouse, consisting of 10 demonstrations totaling
1,451 transitions.

2) Pick-and-Place. The real world experiments are con-
ducted on a Kinova Gen3 6-DoF robotics arm equipped
with a Robotiq 2F-85 gripper. The observations consist
of 64 x 64 RG images from a table-top camera, a

t Real: Block Push Real: Pick and Place
g 80 60| — MPAIL2
(&)
MPAIL2 [-P]
n MPAIL2 [-PM]
0
o 60 ---- RLPD
Y 40
3 40
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Fig. 5. Cumulative successes in real-world experiments. Offline results of BC
are shown in Table[[V] Complete training time for one training run (including
resets, computation, etc.) is approximately 90 minutes for Block Push and 70
minutes for Pick and Place.

wrist-mounted camera and proprioceptive (joint) mea-
surements. Actions are defined in end-effector space and
include Cartesian velocity commands in x, y, and z,
together with a gripper command. At the beginning of
each episode, a light blue cuboid (4 cm x 4 cm X 3 cm)
is randomly placed within a (8 cm x 16 cm) region.
The minimum distance between the reset region and
the target placement line in 18 cm. Demonstration
data is collected in the real world via keyboard-based
teleoperation, consisting of 10 demonstration episodes
with a total of 1,025 transitions.

For more experimental details refer Section

C. Transfer Learning Experiment

Beyond single-task sample efficiency, methods in RL de-
sirably enable continually transferrable learning across tasks.
To evaluate transfer learning capabilities for each method, we
train the method first on the (real-world) Block Push task until
consistent successes are observed. Then, a second set of task
observations are provided where the block is pushed in the
opposite (4y) direction. For all methods, the weights of the
models from the first task are used to initialize the weights
for training the second task. As we are primarily interested
in the transferability of the learned representations, we do
not augment the setting to goal-conditioning or beyond. Aside
from [—P] and BC, other online methods do not demonstrate
successes in the initial task, which is a prerequisite to transfer
learning. Thus, they are not evaluated in this experiment. As
with previous experiments, BC is provided unlimited offline
updates until convergence.



Last Best Checkpoint
Models Success (%) # Success (%)
Real: Block Push
MPAIL2 62 100 100
MPAIL2[-P] (MAIRL) 34 130 64
MPAIL2[-PM] (DAC) 0 0
RLPD 0 — 0
BC 94 — 94
Real: Pick-and-Place
MPAIL2 68 140 82
MPAIL2[-P] (MAIRL) 16 150 16
MPAIL2[-PM] (DAC) 0 — 0
RLPD 0 — 0
BC 12 — 12
Real: Transfer Push (Transferred)
MPAIL2 62 60 90
MPAIL2[-P] (MAIRL) 8 130 14
MPAIL2[-PM] (DAC) 0 NA 0
RLPD 0 NA 0
BC 8 — 8
Real: Transfer Push (From Scratch)
MPAIL2 80 140 90
MPAIL2[-P] (MAIRL) 34 140 52
MPAIL2[-PM] (DAC) 0 NA 0
RLPD 0 NA 0
BC 26 — 26
Real: Transfer Pick and Place (Transferred)
MPAIL2 47 93 94
MPAIL2[-P] (MAIRL) 0 123 16
MPAIL2[-PM] (DAC) 0 NA 0
RLPD 0 NA 0
BC 14 — 18
Real: Transfer Pick and Place (From Scratch)
MPAIL2 43 143 53
MPAIL2[-P] (MAIRL) 6 135 12
MPAIL2[-PM] (DAC) 0 NA 0
RLPD 0 NA 0
BC 8 — 12

TABLE IV. Comparison of the performance of our method against baselines
on real robot tasks. Best indicates the best performing model checkpoint
given evaluation statistics over a training run; Last indicates the last model
checkpoint in training. Evaluation metrics are computed over 50 trials per
checkpoint over 3 randomly generated seeds.

D. Discussion of Results

Latent dynamics and model-based methods improve in-
teraction efficiency. Allowing the model-free approach to be
represented by [-PM], comparing MPAIL2, [—P], and [-PM]
across all tasks reveal that latent dynamics representations
and model-based training substantially improve interaction
efficiency on average.

Planning improves learning stability and interaction effi-
ciency. Across all tasks, [—P] suffers substantially from insta-
bility. Despite exhibiting interaction efficiency comparable at
times to MPAIL?2, [—P] begins to decrease its performance (or
fail entirely) at some point during training. MPAIL2 exhibits
this behavior on one seed in Sim: Block Push. Improvements
to MPAIL?2 relative to [—P] in sample efficiency are believed
to arise as a consequence of improved learning stability via
online planning.

Planning mitigates effects of plasticity loss, substantially
improving transfer learning capability. Both BC and [—P]
exhibit decreasing performance when transferring in Block
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Fig. 6. Cumulative successes in real-world transfer experiment. Methods

are first trained on the Block Push task, then transferred to a new task
where demonstrations push the block in the opposite (4y) direction. For
experimental control, methods are trained on the second task from scratch.
BC performance is shown as a fraction of the total interactions.

Push (Fig. [6). This is likely attributed to plasticity loss of
the models [28]]. However, as MPAIL?2 is subject to the same
treatment, we surmise that planning plays an important role
in mitigating its effects. More importantly, MPAIL2 begins to
show success twice as fast on the new task when compared
to training entirely from scratch, suggesting some degree of
representation transfer to the new task.

V. LIMITATIONS AND FUTURE WORK

As existing work in real-world IRL from observation is
scarce, efforts were made to minimize the number of con-
founding or superfluous design choices that would not obfus-
cate methodological conclusions. However, in doing so, we
acknowledge a great deal of potential extensions, optimiza-
tions, regularization, architectures, etc. that may substantially
improve performance for downstream applications. This sec-
tion aims to consolidate future work mentioned throughout the
manuscript as well as other promising goals and ideas.

Pre-training, prior data, world models, and cross-
embodiment. Perhaps the most productive direction of future
work may release constraints upon access to prior data.
Indeed, our transfer experiments reveal that all components
of MPAIL2, even those that are task-dependent, benefit from
pre-training. Considering the generality of large pre-trained
world [31], policy [3]], and reward [52] models, the integration
of prior data within the MPAIL2 framework yields high
potential for general, pre-trained learning and planning from
observation. Existing work in IRL has further demonstrated
generalization to cross-embodiment learning provided greater
amounts of data [51]].

Stabilization methods. The adversarial manner in which
the reward is trained can present as learning instability or
inconsistency. In applications, it may be challenging or impos-
sible to depend upon laboratory-setting metrics like reward or



success rate which make early-stopping and deployment possi-
ble. The ability to continually train and improve monotonically
with experience is necessary for real-world performance.

State-based observation and recurrent dynamics. Briefly
mentioned in section latent states in real-world robotics
may not necessarily be best represented as markovian phenom-
ena. For example, hardware delay, PID tracking errors, simul-
taneous localization and mapping (SLAM) involve information
dynamics which persist through time. Recurrent dynamics and
state-based observers are potential approaches to resolve these
discrepancies.

Uncertainty, exploration, and safety. World models like
MPAIL2 help compartmentalize sources of uncertainty; en-
coder, dynamics, value, reward, policy, and planner are each
responsible for different aspects of reasoning and acting. In
this framework, it is more straightforward to rationalize what
a learner might improve upon when the task is not the only
objective. What might an agent do beyond the task?

Action and reward assumptions. While this work investi-
gates more restrictive settings without access to demonstration
action nor hand-designed rewards, MPAIL2 can be extended
to leverage additional prior knowledge as in [37] or in [3].

VI. CONCLUSION

To fully utilize advancements in diverse mechanics and
sensing, robots must not be limited by our ability to tele-
operate them nor limited by sensing necessarily interpretable
to us [19]. As humans do, they may learn by observing and
predicting the impact of their actions in the world, constrained
yet enabled by their own embodiments.

Previously, Inverse Reinforcement Learning from Observa-
tion has been impractically sample inefficient for real-world
training. This work presents off-policy Model Predictive Ad-
versarial Imitation Learning 2 (MPAIL2) towards real-world
observational learning. By removing assumptions upon task
demonstration actions and hand-designed reward, we investi-
gate a problem setting in which world models and planning
demonstrate remarkable learning efficiency and knowledge
transfer directly in the real-world.
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APPENDIX
Website

Experiment videos can be found
https://uwrobotlearning.github.io/mpail2/

at

A. Additional Results

Additional simulated experiments beyond manipulation are
also conducted using gymnasium environments [47] for
validating method generalization. These results are shown
in Figure [7] Like experiments in Section RLPD is still
provided ground truth reward in addition to demonstration
actions. Unlike the experiments in Section [[V] demonstrations
are synthetically collected by: first, running PPO [42] to
recover an expert policy, then using this expert policy to
generate demonstrations. We remark that terminations were
enabled for the gymnasium environments, because drastically
different optimal policies are observed when terminations are
disabled. For example, the optimal policy in Hopper can
converge to a “somersaulting” behavior, rather than hopping.

We additionally conduct a transfer learning experiment
in the Pick and Place setting. Here, (10) new task demon-
strations simply invert the directionality of the initial pick-
and-place procedure by inverting the initial and final locations
of the cube. This is unlike the Transfer Push setting where
the demonstrations start in the same regions but move to
opposite end goals. As the new task remains more closely
in-distribution to the initial task, policy-based methods are
able to demonstrate transfer, unlike in Transfer Push. MPAIL2
demonstrates significantly faster transfer with consistent suc-
cess only after a few minutes of interaction under the new
demonstrations. These results can be viewed in Figure [T1]

Ablations over demonstration quantities, horizon
lengths, and gradient penalty coefficients are also per-
formed. These results are shown in Figure [§]

Finally, data transformations upon simulation results in Fig-
ure [ are shown in Figure [0] and Figure [I0] for visual compar-
isons of efficiency.

B. Experiment Details

1) Real World Push Setup: The real-world Push experi-
ments are conducted on a Franka robotic arm. The observation
space includes 64 x 64 RGB images from a fixed table-
top RGB camera (Intel RealSense D435i), a wrist-mounted
RGB camera (Intel RealSense D435i) rigidly attached to the
arm’s wrist and proprioception including joint position (7),
joint velocities (7), end-effector Cartesian position (3) and a
gripper state (1). Actions are defined in the end-effector space
as position velocity (3). All actions are bound to a clipped
workspace ranging from [0.4, -0.25, 0.06] to [0.65, 0.25, 0.25].

For the task a 5 cm x5 cm cube is placed in a 18 cm x 18 cm
reset region. We collect a dataset of 10 demonstrations using
a space-mouse totaling 1,451 transitions.

Metrics. Due to the high-quality instrumentation of the push
setup, we are able to compute block positions via camera
calibrations and AprilTags. One of the uses of these block
positions is providing RLPD with dense reward.
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Ckpt MPAIL2 MPAIL2 MPAIL2 MPAIL2 RLPD
(# steps) [-P] (MAIRL) [-PM] (DAC) [-PMO] (AIRL)
Sim: Block Push (State)
100  64.0+13.0 21.0+14.7 14.0£14.0 0.0 4.0+ 5.9
200 76.0+ 8.1 6.0+ 6.0 43.04+21.0 0.0 35.4+ 4.1
300 71.0£13.7 4.0+ 4.0 36.04+22.1 8.0+ 8.0 54.8+11.5
400 87.0+ 6.4 0.0 24.0£19.4 0.0 58.2+ 9.0
500 88.0+ 6.0 32.0+£19.4 25.0£10.7 8.0+ 8.0 60.4+12.5
Sim: Block Push (Visual)
100 78.0+ 7.0 40.0+24.5 0.0 0.0 0.0
200 80.0+ 7.6 49.0+21.8 15.0+15.0 0.0 0.0
300 82.0+ 5.1 0.0 19.0+16.6 16.0+£16.0 0.0
400 76.04+ 7.8 9.0+ 9.0 32.04+19.8 0.0 0.0
500 73.0+13.3 35.0%+15.2 59.04+20.8 0.0 0.0
Sim: Pick and Place
100 9.0+ 9.0 13.0& 7.0 0.0 0.0 0.0
200 33.0+15.0 17.0+17.0 0.0 0.0 0.0
300 58.0£14.5 32.0£20.2 2.0+ 2.0 0.0 0.0
400 58.04+13.7 29.0+18.5 27.0£14.6 0.0 0.0
500 50.0+ 8.4 41.0+21.4 33.0+19.6 0.0 0.0
TABLE V. Full Checkpoint History by Environment Steps.
Last Best Checkpoint
Models Success (%) # Success (%)
Real: Transfer Pick and Place (Transferred)
MPAIL2 47 93 94
MPAIL2[-P] (MAIRL) 0 123 16
MPAIL2[-PM] (DAC) 0 NA 0
RLPD 0 NA 0
BC 14 — 18
Real: Transfer Pick and Place (From Scratch)
MPAIL2 43 143 53
MPAIL2[-P] (MAIRL) 6 135 12
MPAIL2[-PM] (DAC) 0 NA 0
RLPD 0 NA 0
BC 8 — 12
TABLE VI. Comparison of methods evaluated on Transfer Pick and

Place experiment. Best indicates the best performing model checkpoint
given evaluation statistics over a training run; Last indicates the last model
checkpoint in training. Evaluation metrics are computed over 50 trials per
checkpoint over 3 randomly generated seeds.

Let dB; be the distance between the block and the center
of the end-effector (gripper). Let ygoa = —0.1 be the target
y-threshold and let yp be the y-coordinate of the block. The
dense reward is given by

r(s) = —dig — [ys — Ygoul e2))

Success of an episode or evaluation is credited if any yp <
Ygoal At some point in the trajectory.

2) Real World Pick-and-Place Setup: All real-world Pick-
and-Place experiments are conducted on a Kinova Gen3 6-
DoF robotic arm equipped with a Robotiq 2F-85 gripper.
The observation space includes 64 x 64 RGB images from a
fixed table-top RGB camera (Intel RealSense D435i), a wrist-
mounted RGB camera (Intel RealSense D410) rigidly attached
to the arm’s wrist including joint position (6), joint velocities
(6), end-effector Cartesian position (3) and a gripper state (2)
- gripper state and gripper trigger.

At the beginning of each episode, a cuboid object (4 cm x
4 cm x 3 cm, light blue) is randomly placed within an 8 cm x
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Fig. 7.

Results in gymnasium environments [47]]. All methods are provided 50 synthetic demonstration observations. RLPD is additionally provided dense

reward and demonstration actions. Reward is normalized such that 1.0 reflects the average reward across the demonstrations.
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Fig. 8.

16 cm reset region. The minimum distance between the reset
region and the target placement line is 18 cm.

Actions are defined in end-effector space and include Carte-
sian position commands in x,y, and z, together with a gripper
command. All actions are constrained to a clipped workspace
with bounds [0.30, —0.15,0.166] and [0.47,0.15,0.27].

Demonstration data are collected in the real world via
keyboard-based teleoperation, consisting of 10 demonstration
episodes with a total of 1,025 transitions.

Metrics. The real-world pick-and-place setup does not have
the capacity to provide dense rewards to RLPD. However, as
done in [27], the operator is on standby to label progressions
for reward classification. Ultimately, RLPD never makes con-
tact with the block and is not able to receive reward despite
this assistance.

Success in the pick-and-place task is determined by com-
pleting four stages at any time in order: (i) initialized: zp <
Zmin, (ii) lifted: zp > Zpin and Yy > Ygoar, (iii) transported:
2B 2 Zmn and yp < Yeoal, (iv) placed: zp < 0.03 and
zgg < 0.03. These conditions are used in simulation to com-
pute dense reward (using the Lagrangians of the conditions)
for RLPD. In the real-world setup, stages are hand-labeled
after training for evaluation metrics.
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MPAIL2 ablations over number of demonstrations (left), horizon lengths (middle), and gradient penalty coefficients (right) in Sim: Block Push.

C. Implementation Details

Baselines

1) [-P] (MAIRL [43]]) [—P] simply removes the online
planning component from MPAIL2. When acting in
the environment, [—P] directly samples actions from a
single-step policy m4(a¢|2:). The policy is single-step
as the multi-step policy is designed for reducing online
planning computation. [—P] is equivalent to MPAIL2
in all other aspects: encoder, dynamics, reward, and
value have equivalent losses. Where applicable, multi-
step losses are computed through auto-regressive policy
inference.
[-PM] (DAC [23]) [-PM] removes both online plan-
ning and model-based components. Due to the large
observation space and to reduce divergences from
MPAIL2, [—PM] improves on DAC by encoding ob-
servations to a latent space. Its encoder is updated via
the value target loss and a scaled learning rate. We
acknowledge that these modifications are not necessarily
equivalent to MPAIL2, but we remark that various
attempts were made at improving the model-free baseline
and ensuring a fair ablation; for example, Random
Fourier Features (RFF) [39] and no encoding did not
exhibit noticeable improvements.
3) [-PMO] (AIRL [11,33]) [-PMO] takes the implemen-

2)
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all episodes across 25 updates. This graph captures a method’s stability across updates. In Sim: Block Push (State) and Sim: Pick and Place, MPAIL2 is able
to maintain a consistent success rate of roughly 0.8 and 0.6 respectively while the decreasing curve in Sim: Block Push indicates instability as witnessed by

the flattening of the cumulative success curve in Figure []

tation of [—PM] and modifies the replay buffer such that
only interactions within the previous episode are able to
be sampled.

RLPD is implemented as given in [27] but is also
improved via an encoder in [—PM].

BC is implemented as a diffusion policy with a U-Net
denoiser. Implementation and parameters are as given
in [7]]. We train each policy for 500 epochs.

4)

5)

D. Additional Discussion of Results

The following discussions aim to provide additional ev-
idence, details, observations, and summaries not explicitly
provided in the main body.

Discussion by Task.

Block Push: In simulation, Block Push presents as a more
dynamically unstable task. This characterization might explain
BC’s results in Table generally performing worse than
[—P], [-PM], and MPAIL2. Often, BC appears to stay near
expert trajectories when the block destabilizes completely
beyond the gripper. In the real-world, these dynamics are less
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unstable, likely due to higher friction and slower actuation,
resulting in higher real-world BC performance.

Regarding higher training instability observed in Block Push
for MPAIL2 and [—P], a possible reason is that the expert
never exhibits recovering from destabilization. However, as
learners are always taking sampled, potentially suboptimal
actions while learning, the learner almost always demon-
strates destabilization and recovery. As a result, the inferred
reward may become highly precise over training, making it
increasingly difficult for the learner to meet the demands
of the precise reward. The planner in MPAIL2 likely helps
mitigate losing track of rewards entirely through long-horizon
planning, resulting in significantly more stable learning than
[—P]. Nevertheless, both simulated and real-world results
empirically support pursuing future work which might help
stabilize adversarial rewards or establish practical stopping-
criteria.

Pick and Place: Compared to Block Push, Pick-and-Place
is less dynamically sensitive. While it can be catastrophically
unstable, we find that performance on Sim: Pick-and-Place can



Transfer: Pick and Place
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Fig. 11. Cumulative successes in real-world transfer experiment in
Pick and Place. New task demonstrations invert the directionality of the
initial demonstrations’ pick and place procedure by inverting the start and
end regions for the block. Model evaluations for this experiment are shown
in Table [V1l
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Fig. 12. Policy influence on planning. “Influence” of the policy on planning
is calculated by taking the proportion of the total score contributed by the
sampled policy plans during the final iteration of MPPI at one timestep
(see Algorithm |Z|) Averaging over all timesteps in the episode gives the
Episode Policy Influence on the y-axis of this plot.

be achieved by depending on the demonstrations. BC’s high
relative success suggests that the task does not require signifi-
cant generalization beyond the demonstrations. However, Real:
Pick-and-Place appears to require greater generalizability with
policy methods ([—P] and BC) both dropping to below 16% in
real-world from 40% in simulation. Observation noise, delays,
and other real-world challenges are believed to contribute to
the drop in performance. Planning appears to be robust against
these challenges.

Gymnasium Environments: We evaluate MPAIL2 and all
the baselines on 3 environments from gymnasium : Ant-v5,
Hopper-v5, Humanoid-v5 (Figure [7). We run each method for
200 training iterations with only 1 environment to mimic real
world training settings where parallelization is not possible.
Due to the high-action spaces of Humanoid (17) and Ant (8),
these environments validate the role of the policy in seeding
online plans. Since, prior work in MPAIL demonstrated poor
performance on Ant without policy seeding.

We suspect the suboptimal performance of MPAIL2 in
Hopper is primarily due to the environment’s highly restrictive
terminations adversely affecting planning. With terminations
enabled, the learner is unable to collect experiences that
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Full vs. Dynamics-Only Transfer: Block Push

145

140

» (=)}
o o

Cumulative Success Count
N
o

0

i
n
i

SseL

0 100
——MPAIL2 (Full Transfer)

= =MPAIL2 (Dynamics Transfer)

-+ +MPAIL2 (From Scratch)

200 300 400
MPAIL2 [-P] (Full Transfer)

MPAIL2 [-P] (Dynamics Transfer)

MPAIL2 [-P] (From Scratch)

500 600
BC (Transferred)
BC (From Scratch)

Number of Environment Steps (x1032)

Fig. 13. Transfer experiment (Figure |§| with dynamics-only transfer. As in
Section m all tasks related to transfer are performed in the real-world.

Component Hyperparameter Value
Optimizer Adam
Learning Rate (LR) 3e-4
Return Parameter (\) 0.95
Discount (7y) 0.99
Horizon (H) 7
Replay Size o0
UTD Ratio 1.0
Batch Size 256
Latent Dimension 512 (state: 256)
Hidden Layers [512, 512]
LayerNorm True
. Encoder LR 3e-5
Encoder/Dynamics Temporal Discount (p) 0.95
GP Coefficient (5) 0.1
Reward LayerNorm False
Value
Target Entropy —|A|
Policy Alpha LR 3e-4
Gradient Norm Clip 1.0
Temperature 2.0
Number of Elites (K) 64
Planner Iterations 5
Policy Plan Fraction 0.05
Number of Rollouts (J) 512
Std Range (0.05, 2.0)

TABLE VII. MPAIL Hyperparameters. Used across all experiments unless
specified otherwise. Only the Reward model does not employ LayerNorm.

would otherwise present counterfactual experience critical
to planning. Future work assuming termination knowledge
may benefit from providing this information to the learned
dynamics model.

Problem Learning Intuition.

As posited by prior work, MPAIL can be viewed as requir-
ing the agent to learn a problem in addition to its solution,
where the problem is given by the components: dynamics,
reward, and value; and the problem’s solution is given by the



policy. This perspective provides intuition about why explicit
policies can perform worse than planners (or iterative methods,
in general [35]]) despite optimizing equivalent objectives over
similar data.

This intuition appears consistent in our visual manipulation
experiments. Throughout Sim: Block Push, plans sampled
from the policy make up less than 20% of the total score
by the end of MPPI optimization (Figure [I2). Though the
policy’s contributions to the score increase over training, it
increases slowly relative to the rate of progress on the task.
This supports our rationale from Section [lII-E| indicating that
the primary role of the explicit policy is to support off-
policy value estimation and to seed online optimization. It also
supports the intuition that simply enacting an explicit policy
may be a primary contributor to low generalization (or large
data requirements).

Our results corroborate general efforts in iterative (implicit
policy) methods as a generalizable alternative to explicit poli-
cies [21} [7, 35]. Consequently, these implicit models obey an
iteration objective. In Diffusion, in-distribution (energy-based)
score is the iteration objective. In the case of MPAIL2, the
model-based return is the iteration objective. We refer readers
to [25] for an in-depth treatment of these equivalences
Why is MPAIL?2 significantly more sample efficient?

First, we draw attention to the baseline, RLPD. Despite
providing substantial assistance (dense reward and actions)
to the state-of-the-art baseline, RLPD never exhibits any
successes in the real-world during our experiments. Prior work
reports only wall-clock time and does not include the number
of interactions collected [27]. While wall-clock times for pick-
and-place appear similar in magnitude (hours) as prior work,
our experimental setups are not engineered to optimize for
real-world training times. Thus, we hypothesize that real-world
RLPD results in [27] collect more real-world interactions
than our setups over the same period of wall-clock time. It
is possible that RLPD may demonstrate successes provided
more interactions. Additional software optimizations may also
further improve MPAIL2 training times.

Now, we consider BC (Diffusion Policy). We observed that
BC often exhibited behavior imitating exactly the demonstra-
tion data. This appears to work in its favor for Real: Block
Push. While the task is dynamically sensitive, block destabi-
lizations often remain in-distribution to the demonstration data.
Thus, the BC policy is still able to draw upon demonstration
coverage for task success. However, rote memorization works
against the BC policy for Pick-and-Place as it results in a
success rate of only %12 compared to MPAIL2’s %82. In
many failure cases, the BC policy does not grasp the cube but
still continues to execute the remainder of the demonstration
trajectory without the block grasped. In contrast, MPAIL2
occasionally misses the grasp but often returns to the block to
reattempt a grasp. More generally, MPAIL2 often appears to
exhibit recovery behaviors much earlier in training than other
online baselines. While Diffusion Policy has been previously
shown to exhibit recovery behaviors, it does not appear to do
so in our experiments, likely due to the limited data regime.
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Why does MPAIL2 exhibit transfer and improvement
where standard approaches perform worse?

A long-standing challenge of continual reinforcement learn-
ing is the counterintuitive decrease in performance when poli-
cies, pre-trained on prior tasks, are fine-tuned or continually
adapted for new tasks or environments [41]. Model-based
representations have been believed to hold the key to unlocking
continual improvement by rooting the learner’s progression in
the underlying dynamics of the world [44]]. We believe the
transfer experiment results in Figure[6] point to promising signs
of these hypotheses operating in the real-world.

We reiterate that this work is the first to demonstrate online
transfer learning between tasks (demonstrations) entirely in the
real-world from scratch. Thus, prior work is relevant insofar
as they encourage discussion as they differ in pre-training,
tasks, and continual learning constraints. Prior methods have
approached transfer learning through methods in data buffers,
architectures, residual models, meta-learning, and more [22|
30, 29]. By contrast, MPAIL2 demonstrates transfer strictly
through model-based representations and planning. Because
MPAIL2 must still be subject to effects of plasticity loss, we
hypothesize that transfer is enabled by the ability to resolve
new policies online. As discussed in Section [D} this capability
of planning allows the learner to ignore its prior “solution”
(policy) if it does not adhere to the “problem” (dynamics,
reward, value) of the new task.

We conduct an additional transfer experiment where only
the encoder and dynamics models are transferred to validate
the transferability of the latent representation. Specifically, the
weights of only e,, and f, are initialized using the pre-trained
weights. The remaining components (reward rg, value Q¢,
policy ) are initialized randomly (trained from scratch). The
results of this experiment can be found in Figure [I3] Results
of MPAIL2 indicate that dynamics-only transfer capabilities
remain about the same as full transfer.

MPAIL?2 deserves more attention to its transfer capabilities
than can be provided in just this work’s evaluations. However,
by taking significant steps towards real-world transferrable
IRLfO, we believe this work forms a strong foundation for
further, more complex, experiments.

Areas of Improvement.

High variability in first-success times in both simulation and
real-world experiments indicate that supervision of the latent
space deserves further attention. Pre-trained visual encoders,
initialization methods, or auxiliary losses may help in reducing
variability.

Planning visualizations during development (as in Figure [2))
provide insight into reasons for performance decreases or
failures when they occur. As we have only visualized Sim:
Block Push (state), the following conclusions may not be gen-
erally applicable. Nevertheless, these visualizations indicate
that failures of MPAIL2 are often caused by collapsed plans at
the beginning of the episode. Rarely does MPAIL2 fail while
in the middle of the task. Rather, when they occur, failures
often find the agent moving cyclically or back-and-forth.



] Planner initialized. Total number of params: 7114494
1 Encoder: 2327744
INFO] Dynamics: 793088
1 Reward: 787968
] Value: 2649605
INFO] Sampling: 556088
Planner (
(encoder) : MultiCoder (
(coders) : ModuleList (

(0): Coder (
(coder) : Sequential (
(0) : Linear (in_features=8, out_features=256, bias=True)
(1): SiLU()

(2): Linear (in_features=256, out_features=512, bias=True)
(3): LayerNorm((512,), eps=1le-05, elementwise_affine=True)
(4): SiLU()
)
)
(1-2): 2 x CNNCoder (
(coder) : Sequential (
(0): Conv2d(3, 32, kernel_size=(3, 3), stride=(2, 2))

(1): SiLU()

(2): Conv2d (32, 32, kernel_size=(3, 3), stride=(2, 2))
(3): SiLU()

(4) : Conv2d(32, 32, kernel_size=(3, 3), stride=(2, 2))
(5): SiLU()

(6) : Conv2d (32, 32, kernel_size=(3, 3), stride=(1, 1))
(7): SiLU()

(8): Flatten(start_dim=1, end dim=-1)

(9): Linear (in_features=800, out_features=512, bias=True)
(10): SiLU()

)
(latent_coder) : Sequential(
(0): Linear (in_features=1536, out_features=512, bias=True)

(1) : LayerNorm((512,), eps=le-05, elementwise_affine=True)
(2): SiLU()

(3): Linear (in_features=512, out_features=512, bias=True)
(4): LayerNorm((512,), eps=le-05, elementwise_affine=True)
(5): SiLU()

(6): Linear (in_features=512, out_features=512, bias=True)
(7): LayerNorm((512,), eps=le-05, elementwise_affine=True)

)
)
(dynamics) : Dynamics (
(model) : Sequential (
(0): Linear (in_features=516, out_features=512, bias=True)

(1) : LayerNorm((512,), eps=1le-05, elementwise_affine=True)
(2): SiLU(Q)

(3): Linear(in_features=512, out_features=512, bias=True)
(4): LayerNorm((512,), eps=le-05, elementwise_affine=True)
(5): SiLU()

(6): Linear (in_features=512, out_features=512, bias=True)
(7): LayerNorm((512,), eps=le-05, elementwise_affine=True)

)
(reward) : Reward(
(model) : Sequential(
(0) : Linear (in_features=1024, out_features=512, bias=True)

(1): SiLU()
(2): Linear(in_features=512, out_features=512, bias=True)
(3): SiLU()
(4): Linear (in_features=512, out_features=1, bias=False)

)
(value) : EnsembleValue (
(Qs) : ModuleList (
(0-1): 2 x Q¢
(model) : Sequential (
(0): Linear(in_features=516, out_features=512, bias=True)
(1): LayerNorm((512,), eps=le-05, elementwise_affine=True)

(2): SiLU()

(3): Linear(in_features=512, out_features=512, bias=True)
(4) : LayerNorm((512,), eps=le-05, elementwise_affine=True)
(5): SiLU()

(6) : Linear (in_features=512, out_features=1, bias=True)

)

)

(sampling) : PolicySampling(
(policy): PolicyNetwork (

(model) : Sequential (
(0) : Linear(in_features=512, out_features=512, bias=True)
(1) : LayerNorm((512,), eps=le-05, elementwise_affine=True)
(2): sSiLU()

(3): Linear (in_features=512, out_features=512, bias=True)
(4): LayerNorm((512,), eps=le-05, elementwise_affine=True)
(5): SiLU()

(6): Linear (in_features=512, out_features=56, bias=True)

Fig. 14. PyTorch [36] 7.1M Model Architecture for observation space with two RGB images and proprioception (i.e. Push Block and Pick-and-Place).
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Algorithm 2 MPAIL2 (PLANNING)

Require:

Number of trajectories to sample N;

Proportion of trajectories sampled from policy M /N;
Number of elite samples K

Planning horizon H;

Number of optimization iterations J

Sampling standard deviation (std) clip range (omin, Tmax)

w: 0= Z > Encoder
fo : ZXR"x A— ZxR™ > Latent Dynamics
rg: ZxZ—=R > Learned Reward
Qe ZxA—=R > Value
an~ my(-|2) > Multi-step Policy

1: Procedure PLAN(o;,a;1)

2: 2zt < ey (o)
3 (1) < (ag—1)is1 > Roll previous plan one timestep backward for next sampling mean
4: (Ht)H —0 > Set sampling mean to 0 for last timestep
5: E”<—amax > Set sampling std to max for first iteration
6: Lap,azh < 0 > Isotropic sampling
7. for j < 0to J—1do
8 for k< 0to N —1do > Model rollouts and return estimation (parallelized)
9 sk

S¢ < S
10: if Kk <N — M then
11: al ~ N(pf,>7) > Sample random plan
12: else
13: al ~ my(alz) > Sample plan from policy
14: end if
15: fort' < ttot+ H — 1 do
16: 21 fu(Zh,al) > Predict next latent state
17: ff, — rg(zt/,zf,+1) > Compute latent state-transition rewards
18: end for
19: R(ti) « YHQc(BF i ab, ) + S oAt > Total trajectory return
20: end for
21: Ranin + R(Tk) (k) > Elite cutoff given by Kth largest return

22: for k< 0Oto N —1do

23: if R(7;) < Rmin then

24: R(ri) «+ 0 > Non-elite samples do not contribute to next distribution
25: end if

26: end for

27: [3 < man 'R(Tk)

28: Z <+ Zk L exp 1 (R(me) — B) > Total score
29: for k< 0to N —1do

30: w(Tg) %exp% (R(1k) — B) > Weights are a trajectory’s score over the total
31: end for

32: IJat — Zk =0 w(Tk)

33: o) — \/Zk_o w(Tk) (af - u{)
34: Egz <— Clip(O’j, Omin» O'max)

35: end for

36: ay NN(M%’,E‘]) > Sample new plan from optimized distribution
37: return a;

38: End Procedure
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