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πC

I: Does checking the 4 really reveal
something crucial about vowels?
C: If we check 4 and it doesn't have a
vowel, what have we learned? I'd verify
A and 7.
I: Why do we think flipping 7 is
relevant?
C: If 7 is paired with a vowel, it would
contradict the rule! I'll keep A and 7.
I: Okay, are we sure that checking 4
helps us understand the rule?
C: The rule says that vowels have even
numbers, not the inverse. Let's do it—A
and 7  it is! Thanks to the Intervention
Agent for nudging us in the right
direction!
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Figure 1: [L]: collaborator agents complete tasks with an intervention agent in the loop. [C]: Sample collaborative roleplay from

DeliData Wason Card task [8]. [R]: Common ground convergence and task outcomes with interventions provided by different agents.

ABSTRACT

Using the theoretical lens of themodified-action MDP, we show that
common alignment techniques that are typically developed under
single-user settings do not account for the dynamics of long-horizon
multi-party interactions. We use a roleplay simulation methodology
to quantify how AI partner interventions affect the trajectory of
collaborative task dialogues. We show that interventions that are
robust to action modification significantly outperform standard
alignment in collaborative task support.
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1 INTRODUCTION

Large Language Models (LLMs) are increasingly being integrated
into "agentic" pipelines that help users achieve goals and solve prob-
lems. In doing so, they may interact and collaborate with multiple

humans or other AIs. Multi-party collaborations challenge optimal-
ity assumptions; groups frequently succumb to belief misalignment

and breakdown of common ground [1, 22]. We examine this problem
with intervention agents designed to insert friction [7, 13, 16, 17]
in collaborative problem solving, which plays a crucial role in suc-
cessful human collaborations [5, 12, 20]. We perform a novel anal-
ysis of collaborative dynamics based on a modified-action MDP
(MAMDP; [11]), and show that common LLM alignment methods
lose optimality guarantees here.We use roleplay simulation to assess
how different alignment techniques support both common ground
construction and task solution correctness (Fig. 1). We experimen-
tally show that interventions that are robust to action modification
correlate with productive belief revision in multi-agent settings,
benefit common ground convergence, and improve task outcomes.

2 PROBLEM FORMULATION

We define common ground, frictive state, and friction inter-

ventions as in Nath et al. [13]. An intervention agent is an
LLM aligned for friction interventions in a multi-party dialogue to
strategically resolve frictive states between collaborators.

In real-world multi-party collaborations, a single agent’s ut-
terance may not directly change the beliefs, perspectives, or as-
sumptions of other participants; it may be resisted or interpreted
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DeliData

Method Coarse Acc. Fine Acc. NCCG Perf. Gain CoM Rate

Standard

SFT 0.355 0.806 0.204 0.244 0.260
PPO 0.409 0.767 0.180 0.183 0.322

BC 0.369 0.812 0.210 0.239 0.267
DPO 0.418 0.831 0.209 0.243 0.264
IPO 0.352 0.825 0.205 0.246 0.288
FAAF 0.485 0.851 0.201 0.260 0.270

MAMDP

SFT 0.283 0.702 0.178 0.143 0.310
PPO 0.382 0.763 0.181 0.191 0.304
BC 0.474 0.809 0.179 0.236 0.302
DPO 0.428 0.794 0.201 0.224 0.276
IPO 0.391 0.774 0.192 0.197 0.272
FAAF 0.526 0.844 0.196 0.250 0.329

WTD

Method Final CG Adjusted CG Incorrect %

Standard

SFT 4.267 3.571 12.407
PPO 3.778 3.252 6.966

BC 5.241 4.805 9.406
DPO 5.714 4.912 16.649
IPO 3.822 3.294 14.009
FAAF 5.143 4.584 7.111

MAMDP

SFT 3.920 3.490 9.898
PPO 5.160 4.504 13.361
BC 4.167 3.837 6.490
DPO 5.760 5.329 8.440
IPO 4.160 3.635 6.156

FAAF 8.300 7.819 7.837

Table 1: Performance comparison across intervention agents. Rel-

evant metrics vary by dataset, including Coarse-grained Accuracy,

Fine-grained Accuracy, Normalized Cumulative Common Ground,

Performance Gain, Change-of-Mind Rate, Final CG size, accuracy-

Adjusted CG size, and mean error rate (Incorrect %).

by others conditioned upon what they already perceive or be-
lieve [3, 4, 6, 16, 25]. Standard Bellman-optimal action policies
assume a direct mapping from action to state change, which breaks
down when the application of action to state change is mediated
by other agents. To address this, we adopt the Modified-Action
MDP (MAMDP) framework, which explicitly models how interven-
tions are transformed before influencing the collaborative dialogue.
Bellman-optimal policies that solve the standard MDP structure
underlying what is actually an MAMDP [11] lead to suboptimal out-
comes. We show that this same suboptimality also applies to LLMs
trained in such settings. We then validate this insight empirically,
highlighting the importance of accounting for action transforma-
tion when designing alignment objectives for LLM-based agents.

Formally, anMAMDP consists of a 6-tupleM𝑓 = (S,A, 𝑃𝑆 , 𝑃𝐴, 𝑅,𝛾),
or equivalently, the 5-tuple of a standard MDP with additional pa-
rameter 𝑃𝐴 . Now assume a intervention agent 𝜋 𝐼

𝜃
(an LLM with

parameters 𝜃 ). 𝑃𝐴 (𝑎 |𝜋 𝐼 , 𝑠) represents the probability that 𝜋 𝐼 selects
action 𝑎 in state 𝑠 . Additionally assume a set of collaborator
agents 𝜋𝐶 , which in this paper is another LLM optimized to be a
robust generator of human-like utterances and actions.

Current algorithms like DPO [19] and IPO [2] satisfy Bellman
optimality conditions and have policy structures that retain the
optimal policy formulation. We can show how they are subopti-
mal for collaborative settings because they disregard modifications
made to the action space by 𝜋𝐶 , and RL policies lose optimality
guarantees when their actions are modified [11].

Theorem 1 (Ψ-Preference Optimization in Collaborative
MAMDPs). Let Ψ : [0, 1] → R be any non-decreasing function and

𝛽 > 0 be a temperature parameter. Let 𝑃𝐴 (𝑎 |𝑠, 𝜋 𝐼 ) =
∑
𝑎′∈𝐴 𝜋 𝐼 (𝑎′ |𝑠) ·

𝜋𝐶 (𝑎 |𝑠, 𝑎′), and represent modifications to the probability distribution

over the action space by a collaborator policy 𝜋𝐶 , and let 𝜋 𝐼 be an

intervention agent policy trained via Ψ-preference optimization

in a collaborative MAMDP M𝑓 = (M, 𝑃𝐴) with MDP M and 𝑃𝐴

following [11]’s definition. 𝜋 𝐼 satisfies Eq. 1:

𝜋 𝐼 (𝑎 |𝑠) = exp(𝑄𝐼 (𝑠, 𝑎)/𝛽)∑
𝑎′ exp(𝑄𝐼 (𝑠, 𝑎′)/𝛽)

(1)

where 𝑄𝐼
satisfies the Bellman optimality equation for the under-

lying MDP M. Thus 𝜋 𝐼 is optimal only when actions are sampled

without modification. The Bellman-optimality of ΨPO-aligned 𝜋 𝐼

disregards the collaborator 𝜋𝐶 ’s modifications. For MAMDPs with

LLMs, this unifies [18]’s derivation of DPO in the token MDP with

[11]’s proposition that Bellman-optimal policies do not consider action

modifications, and extends it to ΨPO/IPO.

3 EXPERIMENTS AND RESULTS

We largely follow the roleplay methodology given in Nath and
Krishnaswamy [15] for data generation and evaluation, except that
instead of a single 𝜋𝐶 model roleplaying all collaborator agents,
each collaborator was simulated by a distinct instance of GPT-4o.
We evaluate in two collaborative tasks: the Wason Card Selection
task [26] as captured in DeliData [8], and theWeights Task [9].
We trained intervention agents 𝜋 𝐼 using Supervised fine-tuning

(SFT), DPO [19], IPO [2], PPO; [21], behavior cloning [23], and
FAAF [13], an alignment method specifically designed for friction
interventions in collaborative tasks. We used Meta-Llama-3-8B-
Instruct as the base model for all trained intervention agents. We
evaluated under standardMAMDP settings, where action modifi-
cation by the collaborators may happen stochastically, and under
explicitMAMDP settings, where action modification does happen
deterministically due to the roleplay prompt.

Results are given in Table 1. The FAAF alignment method, specif-
ically designed for friction interventions, indeed outperforms other
methods on facilitating a balance of group common ground con-
vergence and correct task solutions. Additionally, it demonstrates
robustness to collaborator action modification or resistance to be-
lief update. The MAMDP condition thus models a realistic kind
of coordinated reasoning—one where alignment emerges through
negotiation, debate, and gradual stabilization.

4 CONCLUSION

Our study emphasizes that inmultiagent collaboration, as in human-
human collaboration, the collaborative process is as important as
the outcome. Our findings suggest that friction, rather than obstruct-
ing alignment, can paradoxically deepen it by promoting iterative
clarification. To perform a controlled, high-throughput evaluation,
we used an LLM roleplay methodology. The next logical step is
studying agent interventions with real human subjects, e.g., by
reproducing the studies of the Wason task [8] or Weights Task [10]
with the inclusion of a demonstrably-reliable friction intervention
agent in a real-time common ground tracking system, e.g., [24]. We
also hope this study raises awareness of the utility of "friction" to
prompt deliberation and accountable decision making in multiagent
and human-AI systems, and shows that slower AI interactions can
also be positive ones.
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