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ABSTRACT

Mutual adaptation is essential in human-robot teaming, as hu-
mans adjust their behavior in response to the robot. Prior work
trains against diverse but static partners, missing adaptive human
responses, while simultaneous multi-agent learning often yields
brittle coordination conventions that fail to generalize. We model
human-robot teaming as a finite-Level Interactive Partially Ob-
servable Markov Decision Process (I-POMDP), explicitly represent-
ing human adaptation within the state. To approximately solve
this formulation, we introduce a nested training regime in which
agents at a level are trained against adaptive agents at a level below.
This exposes agents to adaptation while preventing emergence of
opaque coordination strategies. In the Overcooked domain with
required-cooperation, our method outperforms standard baselines
with unseen adaptive partners and demonstrates stronger adapt-
ability during interaction.
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1 INTRODUCTION

Designing reinforcement learning (RL) agents that can collaborate
with diverse human partners remains a central challenge in multi-
agent reinforcement learning (MARL) due to the inherent diversity
in human partners the agent can be paired with.

Existing approaches tackle this by training against populations
of simulated strategies [1, 3, 4, 7, 8, 17, 22], improving robustness to
unseen partners but typically treating them as static. The resulting
policies are often conformant rather than truly adaptive [2, 12,
16]. More fundamentally, human-AI collaboration is inherently

*An extended version of this paper - https://arxiv.org/abs/2602.17737. Code is available
at https://github.com/upasana27/adaptive-RL.
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interactive. Standard training paradigms largely treat adaptation as
one-sided, focusing on the agent responding to a fixed or implicitly
stationary partner [9, 19, 21], not considering that humans adapt
their strategies in response to the agent’s behavior [11, 13].

We address the challenge of mutual adaptation by modeling
human-robot teaming as a finitely nested Interactive Partially Ob-
servable Markov Decision Process (I-POMDP) [6] and introducing
a nested reinforcement learning regime that approximates Level-2
reasoning while preventing convergence to partner-specific con-
ventions. Our method consistently outperforms state-of-the-art
baselines in a required-cooperation variant of Overcooked [4, 5],
achieving higher success rates and more stable coordination with
previously unseen adaptive partners.

2 METHODOLOGY

We ground our study in a setiing where (i) the presence of multiple
equilibria corresponding to distinct solutions to the task, and (ii)
mutual adaptation, where the human adjusts their behavior in re-
sponse to the agent. We model human-AI collaboration as a finitely
nested I-POMDP [6]. We learn Level-2 reasoning via a nested train-
ing regime in a two-player human-robot game, consistent with
empirical findings that human belief modeling rarely exceeds depth
two [15, 18].

At Level-1, human policies {JTI}_I }5:1 are trained against a finite

set of fixed (Level-0) robot policies {nﬁ}f:l. Each resulting nI{I at
Level-1 is adaptive to Level-0 policies, corresponding to Level-1
reasoning where the human maintains beliefs over possible robot
behaviors. At Level-2, the robot policy 7 is trained against the set
of adaptive human policies {”é}§:1> which represent Level-1 hu-
man models. This corresponds to Level-2 reasoning, such the robot
maintains beliefs over Level-1 policies i.e. human adaptive policies.
Because training occurs against fixed lower-Level policies rather
than simultaneous co-adaptation, the learned policy avoids collapse
to a single coordination convention (proof in Appendix A.4).

To approximate belief updates tractably, we learn a latent em-
bedding z; = fy(h;), where h; summarizes interaction history, and
condition the policy as a; ~ mp(a | o4, 2;). This amortizes uncer-
tainty over partner types while enabling end-to-end optimization.
Overall, the nested regime operationalizes Level-2 interactive rea-
soning within a practical RL framework, promoting generalization
across unseen adaptive partners.

3 RESULTS

We evaluate agents using average success rate over N episodes
when paired with eight unseen adaptive partners across 10 rounds
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Figure 1: Overview of the nested training regime. Level-1 human policies are trained against fixed robot policies, producing a
set of adaptive behaviors. The Level-2 robot then trains against these adaptive human policies, using a latent embedding to
summarize interaction history and approximate nested I-.POMDP beliefs, enabling reasoning over multiple adaptive partner

strategies.

(5 or 25 episodes per round; environment details in Appendix A.1).
We compare against LIAM [14], LILI [20], PACE [10], and the Gen-
eralist policy. Our method consistently achieves the highest suc-
cess rates. In the short evaluation, it attains 0.90 average success,
substantially outperforming the next-best baseline (GENERALIST,
0.575), while PACE and LILI perform inconsistently and LIAM fails
to complete tasks. Under extended evaluation, performance remains
high (0.935), whereas baselines show limited improvement despite
longer interaction horizons. Moreover, our agent performs reliably
across all partner seeds (Table 1), while baselines succeed only
with specific partners, indicating overfitting to particular behaviors.
To understand the performance gap, we analyze the interaction
dynamics between teammates. Agents trained with the proposed
regime exhibit structured mutual adaptation consistent with the
Level-2 I-POMDP formulation. Level-1 agents display waiting be-
havior, delaying commitment until their Level-0 partner reveals
their type through their actions, reflecting Level-1 reasoning over
L0 strategy types. Level-2 agents adapt further by proactively com-
mitting first, anticipating the waiting behavior of Level-1 partners
and reasoning over their partner’s adaptation. These behavioral pat-
terns are statistically validated. In contrast, baseline agents exhibit
persistent oscillations between recipe choices when paired with
adaptive partners, failing to establish a stable coordination conven-
tion (trajectory analysis in Appendix A.5). Together, these results
demonstrate that explicitly modeling partner adaptation enables
stable coordination under mutual adaptation, whereas standard
training methods do not.

4 CONCLUSION

We introduced a nested reinforcement learning framework for en-
abling mutual adaptation in human-AlI collaboration. Grounded in
a finitely nested I-POMDP formulation, our approach structurally
prevents convergence to arbitrary conventions while promoting
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Agent P1 P2 P3 P4 P5 P6 P7 P8
Short Evaluation (10 rounds x 5 episodes)
Proposed Method 1.0 1.0 08 08 10 10 1.0 06
PACE 04 10 04 04 04 10 04 04
Generalist 04 04 10 06 00 08 08 06
LILI 08 02 06 04 02 04 06 04
LIAM 00 00 00 00 00 00 00 0.0
Extended Evaluation (10 rounds x 25 episodes)
Proposed Method 10 1.0 1.0 0.88 10 1.0 096 1.0
PACE 0.76 0.76 0.2 0.6 076 0.76 0.28 0.76
Generalist 0.6 068 0.76 0.68 0.68 0.72 04 0.64
LILI 036 052 072 06 044 04 052 048
LIAM 00 00 00 00 00 00 00 0.0

Table 1: Per-partner success rates under short and extended
evaluations. Baselines exhibit high variance and instability
across adaptive partners, while our method maintains con-
sistently strong performance.

generalization across adaptive partners. Empirical results demon-
strate that the proposed method outperforms existing baselines
and achieves stable coordination with previously unseen adaptive
agents. Future work will include conducting user studies, perform-
ing qualitative analysis of the adaptive behaviors that emerge, and
extending the framework to mixed-motive settings.
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