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Abstract

Interactive robot learning methods typically treat the human teacher as an infallible
oracle, limiting the agent’s ability to surpass the expert or reject adversarial advice.
We introduce MAGIC (Modulated Asymmetric Games for Interactive Control), a
framework that formulates interactive learning as an asymmetric leader—follower
game between a Teacher and a Learner. The Teacher is an inverse reward field—
instantiated with energy-based and flow-matching heads—that scores trajectory
segments in SE(3) via contrastive learning on expert demonstrations. The Learner is
a hierarchical flow-matching policy (Eye, Brain, Muscle) that maximizes a shaped
reward mixing environment reward and Teacher signal. A gradient-agreement
coupling determines state-dependent trust: when the Teacher’s directional signal
agrees with the task critic’s gradient, the Teacher is trusted; otherwise it is ignored.
We prove that the alternating update satisfies the regularity conditions of two-
timescale stochastic approximation. The core pipeline is implemented and unit-
tested; we present the framework, its theoretical grounding, and the planned
experimental evaluation on 9 ManiSkill3 manipulation tasks, LIBERO with noisy
human demonstrations, and real-robot transfer on UR3e and SO-101 arms.

1 Introduction

Interactive robot learning (IntRL) combines human guidance with autonomous skill acquisition, yet
most methods treat the teacher as a black-box oracle: the agent imitates demonstrated actions [Ross
et al., 2011] or follows a fixed shaped reward [Knox and Stone, 2009, Brys et al., 2015]. This makes
it difficult for the learner to surpass the expert or reject misleading advice from noisy or adversarial
teachers.

We introduce MAGIC, which formulates IntRL as an asymmetric leader—follower bi-level game.
The Teacher (leader) shapes the reward landscape via inverse reinforcement learning (IRL) on
demonstrations, while the Learner (follower) optimizes a hierarchical policy under a shaped reward
that mixes environment reward and the Teacher’s signal. A state-dependent coupling weight 3,
modulates the Teacher’s influence, allowing the Learner to down-weight the Teacher when its advice
would reduce task success.

Our contributions are: (1) a formalization of interactive learning as an asymmetric bi-level game with
formal regularity guarantees under two-timescale stochastic approximation; (2) an inverse reward
field Teacher with modular energy-based (EBM) and flow-matching (FM) heads operating on the
same trajectory representations as the Learner; (3) a threshold-free gradient-agreement coupling that
compares Teacher, critic, and policy vector fields in subgoal space. This paper presents the framework
design, theoretical analysis, and implementation status. Experimental results are forthcoming;
Section 4 details current progress and planned evaluation.
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2 The MAGIC Framework

2.1 Asymmetric Bi-Level Formulation

MAGIC operates on M = (S, A", AT, P, RF| RT|~), where only the Learner’s actions enter the

environment transition kernel. The Teacher’s “actions” are interventions on the expert dataset Dg.
The Learner maximizes a shaped reward:

TL(Sta gt) = E‘rtN,fw(»|st,gt) [Renv(st7 Tt) + /61‘, RT(3t7 Tt)]a (D

where Ry is the Teacher’s inverse-reward estimate and 3; € [0, 1] is the coupling weight. The inner
loop updates Teacher parameters O via contrastive IRL; the outer loop updates Learner parameters
via policy gradient on rr,. Timescale separation (/Nr:1 update ratio) ensures the Teacher remains
approximately stationary from the Learner’s perspective [Borkar, 2008].

2.2 Hierarchical Learner (Eye, Brain, Muscle)

The Learner decomposes into three modules: Eye (¢): a VC-1-based [Majumdar et al., 2023] multi-
view encoder mapping images and proprioception to state s;; Brain (7y): a flow-matching policy in
a 10D subgoal space (3D translation, 6D rotation [Zhou et al., 2020], 1D gripper) using importance-
sampling flow-matching actor—critic [Zhang et al., 2025]; Muscle (f,,): an ActionFlow [Funk et al.,
2024] model in SE(3) generating 16-step trajectory segments conditioned on (s, g¢). The Brain
uses a dual critic: Qyask trained on Rep, only, and Qghaped 0n the full shaped reward. The Muscle
retains ¢; in the computational graph, making the Jacobian J = 07;/0g; available via a single
VJP—essential for the gradient-agreement coupling.

2.3 Inverse Reward Field (Teacher)

The Teacher scores trajectory segments via a weighted combination: RT = AEBM ]:?I%BM + ApM ]:?TEM
The EBM head maps (s;, 7;) to a scalar energy trained with an InfoNCE [Oord et al., 2018]
objective using K =4 structured negatives. The FM head learns a velocity field via conditional flow
matching [Lipman et al., 2022]; its cosine similarity with the target velocity serves as the scalar
reward, and the velocity field itself provides a directional signal.

2.4 Gradient-Agreement Coupling

Our primary coupling is threshold-free, exploiting the fact that Teacher, Brain, and Critic all define
vector fields in subgoal space. The Teacher’s trajectory-space directional signal v is projected to

!
subgoal space via the Muscle’s VIP: vp(ss, g¢) = (%) o7 (8¢, 7¢) € R0, The coupling weight is:
?gree = maX<Oa COS(Vthask(8t7gt)7 ’UT(Stvgt)>) ) 2

so the Teacher is trusted when its direction agrees with increasing task value, and ignored otherwise.
A warm-up phase (8; = 5 for Nyarm steps) prevents premature Teacher rejection before the critic is
informative.

2.5 Convergence Guarantee

Proposition 1 (Regularity of MAGIC). Under spectral normalization on the EBM head, reward
clipping Rre [— Riax; Rmax], entropy-regularized policy optimization with o > 0, and Robbins—
Monro step sizes with a,I; /o, — 0, the MAGIC iterates satisfy the Lipschitz, bounded-iterate,
and martingale-noise conditions of Borkar [2008] (Ch. 6, Thm. 2) and track the corresponding
two-timescale ODE almost surely.

3 Planned Experimental Evaluation

All experiments use synthetic teachers (trained on offline demonstrations; no live human at interaction
time). Results will report mean =+ std over 3 seeds.



Table 1: ManiSkill3 evaluation tasks (Franka Panda, motion-planning demos).

Easy Medium Hard

PickCube-vl  StackCube-v1 PeglnsertionSide-v1
PushCube-vl  LiftPegUpright-vl PlugCharger-v1
PullCube-v1 PokeCube-v1 StackPyramid-v1

ManiSkill3 (primary benchmark). ManiSkill3 [Tao et al., 2024] provides GPU-accelerated paral-
lel environments (>30K FPS), enabling large-scale ablation sweeps. We evaluate on 9 Franka Panda
manipulation tasks spanning three difficulty levels (Table 1), with 100 motion-planner demonstrations
per task and 2M training steps per run. For non-interactive baselines (BC, SAC, PPO), we cite
ManiSkill3’s published numbers.

LIBERO (noisy human demonstrations). LIBERO [Liu et al., 2023] provides tasks with 50
human-teleoperated demonstrations each—noisy and suboptimal compared to motion planners. We
select 3 tasks from LIBERO-OBJECT to test whether MAGIC’s coupling correctly down-weights a
Teacher trained on imperfect data.

Real-world experiments (planned). (1) A UR3e (6-DOF) with three RealSense D435i cameras
performs Duplo block assembly using 20 kinesthetic demonstrations, with sim-to-real transfer
followed by real-world fine-tuning. (2) A low-cost SO-101 arm (5-DOF, ~$300) with two USB
webcams performs Sort-by-Color and Cup-on-Saucer using 30 teleoperated demonstrations, trained
entirely on the real robot. Real-robot experiments are proof-of-concept; full human-in-the-loop
evaluation is future work.

Ablation conditions. Full MAGIC (AO0) is compared against: no Teacher (A1), EBM-only (A2),
FM-only (A3), oracle Teacher (A4), threshold coupling (AS), advantage coupling (A6), naive
negatives (A7), DAgger (A9), and ThriftyDAgger [Hoque et al., 2021] (A10). Full ablations run on
all 9 ManiSkill3 tasks with 3 seeds; a demo efficiency sweep (10/25/50/100 demos) on PickCube-v1
characterizes data requirements.

Hypotheses. (H1) Teacher improves sample efficiency (A0 vs. Al). (H2) Combined EBM+FM
Teacher outperforms either head alone (AO vs. A2/A3). (H3) Gradient-agreement coupling outper-
forms threshold and advantage baselines (AO vs. A5/A6). (H4) Structured negatives improve Teacher
quality (AO vs. A7). (H5) MAGIC enables the Learner to surpass expert demonstrations on >3 tasks.

4 Implementation Status

The MAGIC pipeline is fully implemented and unit-tested (346+ tests passing). All core components
are complete: Eye (VC-1), Brain (ISFM + dual critic), Muscle (ActionFlow SE(3) with differentiable
mode), Teacher (EBM with InfoNCE + FM head), all three couplings, and the full training loop
with W&B logging. The ManiSkill3 wrapper supports all 9 tasks (0.4s/ep with VC-1) and 100
motion-planner demos have been collected per task.

The immediate next steps are: (1) training the Muscle on ManiSkill3 PickCube-v1, (2) running the
no-Teacher baseline (A1) and full MAGIC (AO) for first learning curves, (3) scaling to all 9 tasks and
the full ablation suite. LIBERO integration and real-robot experiments follow after simulation results
are established.

5 Conclusion

We have presented MAGIC, a bi-level framework for interactive robot learning with gradient-
agreement coupling and formal regularity guarantees. The pipeline is fully implemented; experiments
on 9 ManiSkill3 tasks, LIBERO, and real-robot transfer are underway.
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