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ABSTRACT
AI agents can assist humans by offering suggestions which users

may accept or reject. This creates an asymmetric collaborationwhere
the user retains full control while the AI lacks direct agency. We

demonstrate that merely suggesting task-optimal actions can yield

worse outcomes than unassisted performance; effective assistance

requires understanding the user’s decision-making. To address this,

we propose a zero-shot method based on Bayesian estimation of the

user’s acceptance and fallback behavior, relying on a parametric

model rather than prior data. We validate our approach theoret-

ically and empirically on a novel toy environment, assessing its

performance against baselines and stability in situations where

parameters are incorrectly estimated.
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1 INTRODUCTION
The democratization of Large Language Models has fostered ap-

plications where users rely on AI assistance in fields ranging from

programming [17] to medicine [27] and law [22]. This raises the

question of whether such agents provide effective assistance, even

when theoretically efficient. We investigate a sequential decision

setting where a user is advised by an assistant. While ideally the

user follows suggestions, factors like mistrust, misunderstanding,

preference, or incapability may cause them to deviate from recom-

mendations. Our contributions are: (1) a formalization of suggestion-

based AI assistance; (2) a demonstration that an optimal task policy

is generally not the solution to the assistance problem; and (3) a

method to obtain a solution for stationary user behavior, validated

experimentally on a novel toy environment.

This work is licensed under a Creative Commons Attribution Inter-

national 4.0 License.
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2 RELATEDWORK
Prior work has demonstrated that human-AI teams often underper-

form compared to individuals [1, 2, 6, 8, 24, 29], a trend particularly

pronounced in decision-making tasks [28]. While some models

propose user overrides [31], many works focus on single-decision

contexts rather than sequential ones [6]. These works address is-

sues such as classifier updates reducing collaborative performance

[2], rejection of optimal advice [8], and bias reinforcement [29].

Unlike approaches the predict acceptance probabilities for single

decisions [19] or providing confidence estimates [3, 30], our work

addresses the long-term consequences of sequential decisions with-

out placing restrictive assumptions on the drivers behind the user’s

adherence behavior. Thus, we take a similar perspective as [10],

whose adherence-aware MDP framework is tightly related to ours,

but does not cover user parameter inference. Shared autonomy

[11, 16, 20] mostly investigates robot teleoperation using policy

blending [7, 23], although some works also address sequential prob-

lems [13, 26]. Cognitive models describe user variability [12] or

define team utility functions based on advice acceptance [1, 4].

Others suggest that acceptance depends on self-trust [14] or ana-

lyze single-decision contexts [15]. Our work relates closely to [4],

where users optimize subjective rewards estimated via inverse re-

inforcement learning [18]. Alternatively, [5] considers users acting

optimally regarding subjective transitions in a Stackelberg setting.

We differ by estimating the user’s policy directly, allowing for irra-

tional behavior without requiring agent pre-commitment.

3 PRELIMINARIES
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Figure 1: If the right ac-
tion is not guaranteed in
𝑠2, going to 𝑠1 might be
safer.

We model the user’s task as an MDP

M = (𝑆,𝐴, 𝑅,𝑇 ,𝛾), utilizing stan-

dard definitions [25]. The assistant

suggests actions 𝑎 ∈ 𝐴 to a user

who accepts with probability 𝛼 (ℎ𝑡 ),
where ℎ𝑡 denotes the history at time

𝑡 , or follows their own policy 𝜋𝑢 .

This results in the effective policy
𝜋
(𝑡 )
𝛼 (𝑎 | ℎ𝑡 ) = 𝛼 (ℎ𝑡 )𝜋sup (𝑎 | ℎ𝑡 ) +
(1 − 𝛼 (ℎ𝑡 ))𝜋𝑢 (𝑎 | 𝑠), whose return
we aim to maximize.

Optimal Policy ≠ Optimal Assis-
tance. Suppose that 𝛼 is constant. Us-

ing the deterministic MDP in Fig-

ure 1, an optimal policy plays𝑅 twice in a row and yields𝑉★(𝑠0) = 1.

An inexperienced user may instead play 𝐿 in 𝑠0, and randomly
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Algorithm 1 Belief assistant (stationary acceptance)

Input: M, 𝜇, 𝑝 (0) , plan, 𝑛, 𝑘
1: 𝑠 ∼ 𝜇, 𝑡 ← 0, 𝜋★← plan(M)
2: while 𝑠 is not terminal do
3: for 1 ≤ 𝑖 ≤ 𝑛 do
4: draw (𝜽 𝑖 ,𝜶 𝑖 ) ∼ 𝑝 (𝑡 ) ; obtain 𝜋★

𝜽𝑖 ,𝜶 𝑖
(plan or cache)

5: end for
6: suggest 𝑎 ∼ 1

𝑛

∑𝑛
𝑖=1 𝜋

★
𝜽𝑖 ,𝜶 𝑖
(· | 𝑠)

7: 𝑎 ← observed user action; 𝑠 ← result of step with 𝑎

8: update 𝑝 (𝑡+1) with Eq. (2)

9: 𝑡 ← 𝑡 + 1
10: end while

choose between both directions if it ends up in 𝑠2. This policy has

an expected return of 0.5. If the assistant suggests actions accord-

ing to 𝜋★
, the resulting mixture policy has an expected return of

𝑉 𝜋𝛼 (𝑠0) = 1−𝛼
2
+ 𝛼2, which only improves upon the return of the

user policy when 𝛼 > 1

2
, and may be lower than the user alone for

𝛼 ∈ (0, 1
2
).

Stationary Acceptance. For stationary 𝛼 and a user policy param-

eterized by 𝜽 ∈ Θ, we define a modified MDPM𝜽 ,𝛼 with transitions

𝑇𝜽 ,𝛼 (𝑠′ | 𝑎, 𝑠) = 𝛼𝑇 (𝑠′ | 𝑎, 𝑠) + (1 − 𝛼)
∑︁
𝑎∈𝐴

𝜋𝑢 (𝑎 | 𝑠)𝑇 (𝑠′ | 𝑎, 𝑠) . (1)

OptimizingM𝜽 ,𝛼 solves the assistance problem. From now on, we

call an optimal policy ofM a task-optimal policy, and an optimal

policy ofM𝜽 ,𝛼 a user-optimal policy. The following lemma summa-

rizes the theoretical foundation of our approach.

Lemma 3.1. Let 𝜽 ∈ Θ be the parameters of a user policy and
𝛼 : 𝑆 ×𝐴→ [0, 1] an acceptance function. Define 𝜋𝛼 as before, with
𝜋sup an optimal policy ofM𝜽 ,𝛼 . Then, in any state 𝑠 ∈ 𝑆 , we have for
the value function of the original MDP, 𝑉★(𝑠) ≥ 𝑉 𝜋𝛼 (𝑠) ≥ 𝑉 𝜋𝜽 (𝑠).

The proof has been omitted for space reasons but only relies on

the definition of the optimal value function. This result requires

that the user policy is known. However, in practice, we want to

be able to assist a user without any prior knowledge about them,

which is also known as zero-shot assistance [4].

4 METHOD
Previously, we assumed known user parameters; here, we estimate

them interactively via Bayesian updates. We assume 𝛼 is stationary

but parameterized by 𝜶 ∈ R𝑚
.

We employ a generic planner, plan, to compute an initial optimal

policy 𝜋★
forM. At each step 𝑡 , we sample user parameters from the

belief 𝑝 (𝑡 ) and compute corresponding optimal policies. To reduce

computation, we use 𝜋★
as a warm-start heuristic and store policies

in a cache of size 𝑘 . For tractable parameter spaces, we pre-train

assistants on the set of user parameters. For larger spaces, one can

utilize coarse subsets or on-demand training via meta-learning [9].

Given a suggestion 𝑎𝑡 , the belief is updated using the likelihood of

the observed action 𝑎𝑡 :

𝑝 (𝑎𝑡 | 𝜽 ,𝜶 , ℎ𝑡 ) = 𝛼1{𝑎𝑡 = 𝑎𝑡 } + (1 − 𝛼)𝜋𝜽 (𝑎𝑡 | 𝑠𝑡 ), (2)

where 𝛼 = 𝛼 (𝑠𝑡 , 𝑎𝑡 ) has been abbreviated. The procedure is summa-

rized in Algorithm 1.
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Figure 2: Mean episode rewards. (a) User-optimal assistance outper-
forms task-optimal for known users. (b) Belief assistant matches
oracle performance for low 𝛼 .

5 EXPERIMENTS
We evaluate our approach on a grid world navigation task where a

user aims to reach a target (reward +1) with step costs of −0.01. The
user is influenced by a preferencemap𝑞 assigning attraction or repul-
sion to landmarks. We use value iteration, although RLmethods like

PPO [21] are applicable. Our code is publicly available on GitHub:

https://github.com/ndieckow/aamas-suggestion-assistance.

Exp. 1: Known User. Comparing unassisted, task-optimal, and

user-optimal policies across 20 random preference maps, we found

that user-optimal assistance yields higher average returns and lower

variance than task-optimal assistance, particularly for low accep-

tance probabilities 𝛼 (see Figure 2a).

Exp. 2: Sensitivity. Sensitivity analysis reveals that performance

degrades most when the assistant significantly overestimates the

user’s acceptance probability (𝛼 ′ ≫ 𝛼).

Exp. 3: Zero-shot Belief Agent. We evaluated the belief agent

(Algorithm 1) on a handcrafted environment with strong repellant

zones. For 𝛼 ≤ 0.3, the belief agent significantly outperformed

task-optimal assistance, matching the oracle’s performance (Figure

2b).

Exp. 4 & 5: Robustness and Decay. Against a random user, the

belief assistant performed comparably to the task-optimal baseline,

showing robustness to model mismatch. With exponentially de-

caying acceptance and the option to suggest nothing, the assistant

effectively rationed suggestions to critical states.

6 LIMITATIONS AND FUTUREWORK
The primary computational bottleneck is the potential need to train

models at each interaction step. While caching and pre-trained poli-

cies mitigate this, further optimization is required. Additionally, our

evaluation was restricted to a toy environment. Future work must

extend to realistic tasks and human testing to capture complexities

of real-world behavior that our current setup may overlook.

Promising directions for future work include improved pre-

training and continual learning, using interaction data to update

the parameter prior and refine the policy cache for faster fine-

tuning. Theoretical questions remain regarding the regret of task-

optimal policies—determining when expensive personalization is

truly necessary—and potential links to robust reinforcement learn-

ing. Finally, extending this framework to settings where not even

the assistant can solve the problem alone is an ambitious goal.
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