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Abstract—Effective robotic systems for long-horizon human-
robot collaboration must adapt to a wide range of human
partners, whose physical behavior, willingness to assist, and
understanding of the robot’s capabilities may change over time.
This demands a tightly coupled communication loop that grants
both agents the flexibility to propose, accept, or decline requests
as they coordinate toward completing the task effectively. We ap-
ply a Mixed-Initiative dialog paradigm to Collaborative human-
roBot teaming and propose MICoBot, a system that handles the
common scenario where both agents, using natural language, take
initiative in formulating, accepting, or rejecting proposals on who
can best complete different steps of a task. To handle diverse,
task-directed dialog, and find successful collaborative strategies
that minimize human effort, MICoBot makes decisions at three
levels: (1) a meta-planner considers human dialog to formulate
and code a high-level collaboration strategy, (2) a planner
optimally allocates the remaining steps to either agent based
on the robot’s capabilities (measured by a simulation-pretrained
affordance model) and the human’s estimated availability to help,
and (3) an action executor decides the low-level actions to perform
or words to say to the human. Our extensive evaluations in
simulation and real-world—on a physical robot with 18 unique
human participants over 27 hours—demonstrate the ability of
our method to effectively collaborate with diverse human users,
yielding significantly improved task success and user experience
than a pure LLM baseline and other agent allocation models.
More information on our website: https://mico-bot.github.io/

I. INTRODUCTION

We aim to build robots that can seamlessly collaborate with
humans in everyday household tasks. Such collaboration is
critical for deploying today’s robots with limited capabilities.
To be a truly effective partner, a collaborative robot must strive
for task success with minimal human effort, while adapting
dynamically to a human user’s capabilities, preferences, and
willingness to help. Beyond adapting, the robot must also learn
to communicate the real-time delegation of task components
based on which agent—human or robot—is better suited for
each. Existing approaches fall short of this ideal: modern AI
assistants respond only to human-initiated interactions [58, 1],
while prior human-robot interaction (HRI) solutions often
assume full control over the collaboration plan and complete
willingness from the human partner [67]. We argue that a
truly collaborative human-robot team requires a paradigm shift
towards a model where both agents can take initiative to
propose, bargain, and accept or reject proposals from each
other as they discuss in natural language how to best complete
a task. In this paper, we introduce such a collaborative system,
MICoBot (Mixed-Initiative Collaborative roBot), which we
believe is the first to enable mixed-initiative natural language

dialog for real-world physical collaboration between robots
and humans.

MICoBot enables mixed-initiative dialog to negotiate the
allocation of task steps between a human and a robot collab-
orating on a physical task, and to coordinate the physical and
verbal actions needed to execute the plan. We formulate this
task-allocation problem as a constrained optimization where
the goal is to find the most suitable agent to perform each
step of the task, maximizing success while minimizing human
effort, as well as respecting the human-initiated requests. To
handle a wide range of dialog, MICoBot makes optimization
decisions across three levels. First, a meta-planner determines
the high-level strategy for collaborating with the human,
incorporating human-imposed constraints (such as steps they
want themselves or the robot to perform), and creating reactive
code to generate the necessary robot actions (verbal or phys-
ical). This layer is implemented as an LLM-based coder that
generates adaptive planning code. Second, a planner executes
the generated code to determine the optimal collaboration
approach, taking into account the current environment state,
a self-assessment of the robot’s capabilities via an affordance
model trained in simulation, and a dynamic evaluation of the
human’s availability and willingness based on prior interac-
tions. Finally, an action executor carries out the next step of
the plan, which could involve either performing a manipulation
action or initiating/responding to a dialog with the human.

Through extensive experimental evaluation, we thoroughly
validate our system in both simulation (with LLM-simulated
humans of varying willingness and responsive moods) and
the real world through a user study involving 18 unique
participants collaborating with a Tiago mobile manipulator on
three household tasks. Our approach outperforms a pure LLM
baseline by 60% in success rate, while reducing the amount
of human effort required compared to an all-human oracle by
60%. Additionally, our method was preferred over the pure
LLM baseline by at least 80% of participants.

In summary, our work’s contributions are four-fold: (1)
we introduce a new problem setting that integrates mixed-
initiative natural language dialog with mixed-initiative human-
robot interaction; (2) we propose a novel optimization frame-
work for task allocation, balancing human and robot effort
and success through a unified metric; (3) we provide a
new simulator for collaborative household tasks built on top
of MiniBehavior [32] that includes LLM-controlled virtual
humans and is available on our website; and (4) robotic
system and framework: we develop MICoBot, a three-
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Fig. 1: We present MICoBot, a system for human-robot collaborative settings where both agents can initiate and carry out
physical and verbal actions to negotiate how to accomplish a task together. Our system supportsboth robot-initiated (top row)
and human-initiated (bottom row) task-directed dialog, where both agents discuss who is best suited to perform steps in a
long-horizon task. The trace shows real dialog and physical interactions from our user studies (see our video and website).

level hierarchical solution for mixed-initiative speech2speech
human-robot collaboration that �exibly adapts to a wide range
of real human collaborators in physically grounded, long-
horizon tasks.

II. RELATED WORK

Mixed-initiative dialog [8, 3, 15] refers to communication
with free�owing questions and answers from both parties. In
the NLP �eld, the dominant chatbot paradigm adopted by large
language models (LLMs) largely eschews mixed-initiative in-
teraction: humans pose substantive questions, and the chatbot
primarily responds to ful�ll these requests [58, 1]. Recent
work has sought to make dialog systems more goal-directed
and proactive by incorporating mixed-initiative strategies—for
example, persuading users to donate to charity, enhancing
users' emotional well-being [17, 88, 12, 19], or clarifying am-
biguous human requests [62, 18, 13]. However, none of these
systems addressed mixed-initiative dialog in grounded, real-
world collaborative scenarios involving physical manipulation
tasks.

In the human-robot interaction (HRI) �eld, researchers have
developedhuman-robot collaboration systemsthat interact
through language but are restricted tosingle-initiative dialog.
Some of these systems integrate LLMs as task planners or
delegators [83, 50, 22] for tasks like real-world cooking [83]
and object sorting [50]. Other systems implement a leader-
follower paradigm in simulated worlds, where the leader
issues natural language instructions for the follower to exe-
cute [79, 35, 80, 24]. Single-initiative HRI systems can ask
humans for clari�cation [65] or assistance [6, 34, 82], or
inform humans of their observations [11, 53, 9]. However, by
supporting only single-initiative dialog, these systems lack the
capacity to adapt to the evolving nature of the human, robot,
and environment—limiting their capacity to �nd the optimal
division of labor that respects user preferences. [50].

Some works in HRI have exploredmixed-initiative col-
laborative systems without dialog, only with physical ac-
tions [23, 57, 7, 66, 60, 30]. In particular, Baraglia et al. [4]
studied separate regimes of agent initiative (human-initiative,
requesting help, or robot-initiative, proactively helping), but
failed to support a natural human-robot dialog. By focus-
ing solely on physical actions, these prior works overlook
the critical role of communication in effective collaboration,
thereby limiting the �exibility of the human-robot team. With
MICoBot, we enable both agents to take initiative—through
both physical and verbal actions—via task-grounded dialog.

Several prior works in robotics and planning have studied
the problem ofhuman-robot optimal task allocation, typi-
cally optimizing the time to perform a task or minimizing idle
agents, posing the problem as a scheduling problem [81, 86].
Others have prioritized different objectives, such as safety [20],
through the formulation of a constrained optimization prob-
lem [77]. While these solutions may achieve shorter execution
times, they assume a priori known capabilities and availability
of all agents, including both robots and humans. In contrast,
MICoBot can adapt to the speci�c human's willingness to help
by estimating its availability based on previous dialog.

III. PROBLEM SETTING: TASK COLLABORATION WITH

M IXED-INITIATIVE DIALOG

Fig. 2: Our MDP Formulation for Mixed-
Initiative Collaboration
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dialog occurs.
In these
problems, we assume that both agents can observe the state
of the world,s 2 S, and perform actions,a 2 A = A p [ A v ,
comprised of a physical action space,A p, that directly affects
the physical state of the environments, (e.g., move objects,
open them, etc.), and a free-form, natural language verbal
action space,A v , that are directly observed by the other agent
but do not change the physical state. We model the problem
as a Markov Decision Process (MDP) from the robot's point
of view (see Fig. 2), where on each environment step, the
robot performs some action,aR 2 A p;R [ A v;R and receives
an observationo = [ I; a v;H ; sproprio ] consisting of an RGB-D
image I , an optional verbal action from the human partner
av;H , and the robot's proprioceptive statesproprio . Within
each environment step, the human may perform a series of
actions,aH 2 A p;H [ A v;H , in its own physical and verbal
action space after perceiving the world state and robot's
previous dialog,av;R .

Physical and Verbal Action Spaces.The physical and
verbal action spaces,A p and A v , are shared between both
agents. Each element of these action space are a param-
eterized action primitive represented by the pair,ap=v =
(! p=v ; � p=v ). ! p is the type of the physical action primi-
tive (open , pick-and-place , etc.) and� p are the cor-
responding parameters (e.g., what object to open or pick
and where to place it). We assume that humans are fully
competent in executing all steps of a collaborative household
manipulation task, but may be unwilling or unavailable to
perform some or all required actions. Their behavior can
range from indifferent (never acting) to overly proactive
(completing the entire task without robot involvement). In
contrast, robots often have limited manipulation capabilities
and may be unable to execute more complex actions.! v is the
type of the verbal action primitive (ask_human_for_help ,
respond_to_human , etc.) and� v are the corresponding
parameters that de�ne the necessary context of the verbal prim-
itive (e.g., what step the robot needs help on, or can/cannot
perform). While the types of verbal actions are limited, the
generated language based on them is freeform and open-
vocabulary. MICoBot �rst selects an abstract verbal action
from this space, then translates it into a natural language
utterance to negotiate with the human—conveying its requests
and the assistance it requires for successful collaboration.
MICoBot must reason over the asymmetries in physical ca-
pabilities to devise collaboration strategies and negotiate them
with verbal actions, maximizing task success while minimizing
human effort.

Collaborative Task De�nition and Problem State-
ment. We assume the collaborative task is de�ned by a
task plan of lengthK , known to both agents and repre-
sented as a sequence of unassignedphysical action primi-
tives, [ap;0; :::; ap;K � 1], such as [(pick-and-place (box ,
table ), . . . , close (box )], obtained from the task instruc-
tions or off-the-shelf task planner. To complete the manipu-
lation task while minimizing human effort, the system must

allocate steps of the plan between the two agents—negotiating
with the human through robot-initiated dialog to suggest
assignments, adapting to human preferences through human-
initiated dialog, and ultimately executing its assigned physical
actions. At each stept, the system must compute the best allo-
cation of the remaining steps of the plan,G = [ gt ; :::; gK � 1],
where8t; gt 2 f H; R g. The optimal allocationG� maximizes
the expected task success probability while minimizing total
human effort. These objectives are inherently competing: a
policy focused solely on maximizing success might allocate all
steps to the human (assumed to be perfectly competent); con-
versely, minimizing human effort alone would assign all steps
to the robot, even when it may be incapable of completing
certain steps. The optimization also incorporates constraints
conveyed through the mixed-initiative dialog history, such as
task allocation requests or proposed task splits. The resulting
allocation G� determines whether the robot executes the
current step (R) or negotiates with the human for assistance
(H ).

IV. MIC OBOT: M IXED-INITIATIVE COLLABORATIVE

ROBOT

Collaborative Task Allocation as Constrained Optimiza-
tion.

In MICoBot, we formulate the step allocation problem
for collaborative tasks as a constrained optimization, where
the objective is to maximize expected task success while
minimizing human effort. Constraints—such as preferences for
certain steps to be done by a particular agent—are inferred
through dialog with the human. To simplify the optimization
and avoid a complex multi-objective formulation, we combine
success probability and effort into a single cost metric for
each step, regardless of whether it is performed by the robot
or the human. Building on prior work on temporal distances
in reinforcement learning [54], we use Q-functions to unify
these two components. We assume each task step is executed
by a multi-task policy � that operates at a �xed control
frequency (e.g., once per second), performing continuous low-
level control. In this low-level MDP (distinct from the high-
level task MDP described in Sec. III), we de�ne the reward
as r = � 1 per time step until the skill completes or times
out, at which point r termination = 0 . A well-trained Q-
function, Q : ot � at = ( ! t ; � t ) 7! R with a discount
factor of 1, then represents thenegative expected number
of timesteps until skill completion from a given state. For
a highly competent agent that never fail (e.g., a human),
this corresponds to the average timesteps required to perform
the action. For an imperfect agent that may fail, the Q-
function re�ects a weighted expectation over both successful
and failed outcomes—where failure contributes a signi�cant
timestep penalty (timeout) weighted by its probability. We
assign each agent a distinct Q-function:QR for the robot
andQH for the human. These agent-speci�c Q-functions thus
provide a uni�ed, interpretable cost metric for comparing step
allocations, jointly capturing both execution time (effort) and
likelihood of success.



Fig. 3: MICoBot consists of 3 decision-making modules: a meta-planner that outputs a strategy for task collaboration expressed
through adaptive planning code, a planner that executes the code and optimizes our objective in Equation 1 to �nd the next
primitive action to take, and the action executor that outputs the low-level physical action trajectory or verbal utterance to say
to the human.

However, directly optimizing step allocation using only
the Q-functions described above introduces three key limi-
tations that diverge from realistic human-robot collaboration
scenarios: (1) human and robot effort are treated as equally,
ignoring the higher value typically placed on human time and
attention; (2) the human is assumed to always comply with
robot-initiated requests, overlooking variability in willingness
or availability; and (3) human-initiated requests or preferences
are not taken into account, limiting the system's ability to
adapt to human intent. To address (1), we introduce ahuman-
effort factor, � , indicating how much more valuable human
effort is compared to robot effort. To address (2), we adjust the
human Q-values by incorporating an inferred probabilitypH;t

that represents the likelihood of the human agreeing to perform
actionaH;t = ! t (� t ) when asked. For less cooperative users,
this probability lowers the expected success of the action,
effectively increasing the magnitude of the negative Q-value
due to potential human refusal. To address (3), we treat the
optimization problem as subject to constraints,C1; : : : ; Cn , ex-
tracted from human-initiated dialog—such as explicit requests
to perform speci�c steps themselves or to delegate them to the
robot. Altogether, we propose the following objective to �nd

the optimal task allocationG:

max
gt ;:::;g T

T � 1X

t

�
1gt = H �

�
pH;t

+ 1gt = R

�
Qgt (st ; at );

s:t: C1; : : : ; Cn � 0:

(1)

that minimizes expected time-to-success while prioritizing
saving human effort.

A. MICoBot Framework

MICoBot is a three-level framework (Fig. 3) that includes
1) a meta-planner, which parses previous human dialog and
generates code to optimize for task allocation and select the
next action for the robot, 2) an iterative planner, which updates
planning state variables, allocates and decides the next action
to perform, by executing the code, and 3) an action executor,
which carries out the action primitive, either through low-level
physical actions or with an utterance to say to the human.

L1: Meta-planner. The meta-planner dictates the overall
strategy for the lower levels to follow. Based on the most
recent human dialog, the current symbolic state of the world,
the task plan, and approximately 15 in-context learning (ICL)
examples, it generates two pieces of code: �rst,task allocation
code to adapt the optimization computation, such as to map
human dialog into additional constraints, and second,action
selectioncode, to determine how to choose the next action,



such as whether to engage in additional dialog before making
further progress on the plan. The meta-planner is implemented
as an LLM-based (GPT-4o) coder.

L2: Iterative Planner. The iterative planner executes code
generated by the meta-planner in two stages.In the �rst stage,
it runs the optimization routine, which enumerates all possible
task allocations and selects the one that maximizes the objec-
tive in Eq. 1. To compute this, the planner instantiates agent-
speci�c Q-functions based on the current state and candidate
actions (see below for details on Q-function), and estimates
the probability of human assistance,pH;t , using an LLM-
based sentiment analysis over the prior human-robot dialog.
By adjustingpH;t , MICoBot adapts to varied user sentiments
by estimating the expected cost of assigning tasks to them.
In the initial iteration, the planner incorporates all constraints
produced by the meta-planner from the mixed-initiative dialog
history. If no feasible allocation is found—for instance, if a
human insists the robot perform a step it cannot complete—the
planner iteratively relaxes the most recent constraint from hu-
man dialog.In the second stage, once the optimal allocation is
determined, the planner invokes meta-planner code to generate
the optimal action—verbal or physical—a = ( !; � ) to execute.

L3: Action Executor. The action executor is responsible
for executing the action primitive selected by the planner.
For physical actions, it generates a trajectory for navigation
and arm movement to reach the location and manipulate the
target object while avoiding obstacles. Following a similar
pipeline to Shah et al. [69], we use themove_base ROS
package for path planning over a 2D occupancy map, and
Grounding DINO [42] to segment the target object from the
scene based on the natural language query in� t . An RGB-
D camera is used to backproject segmented image pixels
into a 3D point cloud, from which we identify graspable or
placeable points in the robot's workspace. Inverse kinematics
(IK) is then used to move the arm to these points. For verbal
actions, we employ GPT-4o to generate natural language
utterances to communicate with the human, based on both the
intended dialog intent (e.g., help request, split proposal) and
the verbal action parameters (context required for appropriate
generation) from the upstream planner. Using approximately
10 in-context learning (ICL) examples, the LLM produces
free-form language grounded in the task context.

Training Q-functions. MICoBot's optimization process
depends on accurate approximations of the Q-functions, which
capture each agent's expected effort and likelihood of success
when executing a task step. To estimate the robot's Q-function
(QR ), we use the OmniGibson simulator [38], con�gured with
a coarse model of the real-world task and environment (see
Appendix for visualizations). In simulation, we execute action
primitives that closely mirror those used by the physical robot,
recording both completion times and failure cases. These
statistics are used to constructQR as described earlier in this
section. Since the task state is represented symbolically in both
the simulator and the real-world system, the sim-to-real gap
is minimal. To estimate the human's Q-function (QH ), we
assume humans do not fail at task execution. Thus, we only

require time estimates for each step, which MICoBot obtains
by prompting an LLM to predict how long a human would
take to execute actionat = ! t (� t ), plus a travel time estimate
based on the human-object distances.

Hierarchical Plan. To improve communication for long-
horizon task plans, MICoBot groups adjacent low-level steps
into semantically meaningful abstract actions that can be
discussed more succinctly with the human. The system only
descends to a �ner-grained level of detail when neces-
sary—during negotiation over low-level step assignments. This
hierarchical approach reduces the frequency and complexity of
dialog, resulting in more ef�cient and user-friendly communi-
cation.

V. EVALUATION

We evaluate MICoBot in both real-world and simulated
settings. In the real world, a Tiago mobile manipulator col-
laborates with a human user on household manipulation tasks.
In simulation, we use the Mini-Behavior gridworld [32] with
a simulated human, allowing for larger-scale experimentation
and controlled comparisons across methods, particularly in
relation to human behavior and dialog dynamics. As suggested
before, a successful robotic collaborator must complete the
task ef�ciently while minimizing human effort. Accordingly,
our primary evaluation metric is thesuccess rate per unit of
human effort. We also reportsubjective measures of robot
behavior, including user satisfaction, preference rankings, and
Likert-scale ratings.

Environment. In the real-world, we perform our experi-
ments in a mock apartment with a kitchen and living room
area with commonplace furniture. In all of our tasks, the robot
and human work together on opposite sides of a coffee table,
and the human spends most of their time on the couch, where
they can do their own work. The human is allowed to be as
inactive or proactive as they wish and to perform physical and
verbal actions as de�ned in Section III (though we continue
running the trial if they initiate dialog beyond the scope).
Each human user study consisted of two 20-30 minute trials,
in which they collaborated with both our method and a pure
LLM baseline. The ordering of the two trials was randomly
determined. Trials for all methodsterminate under any of the
following conditions: an irrecoverable primitive failure occurs,
4T steps have elapsed for a plan of lengthT, an infeasible
step is allocated to the robot twice consecutively, or the human
refuses twice to perform a step that the robot is incapable of
executing.

Baselines.Because multiple components of our method
are powered by LLMs, we compare our approach to a pure
LLM baseline (LLM ) given the same information as our
meta-planner: symbolic state, dialog history, task plan, and�
human-robot effort tradeoff factor. The LLM baseline is also
provided with a list of the robot's available skills and assumes
that the human always successfully completes a step once they
agree to perform it. The LLM baseline is prompted to produce
a plan allocationG that primarily optimizes for task success
and secondarily minimizes human effort.



Pour Package in Bowl
n = 6

Assemble Toy Car
n = 6

Pack Gift Box
n = 6

Average
n = 18

Ours LLM Ours LLM Ours LLM Ours LLM

Entire Task Success Rate (%," ) 50 0 67 0 67 0 61.1 0.0
% of task steps completed (" ) 83 60 94 29 88 50 88.2 46.4
% of steps performed by Human 21 5 60 5 35 21 38.8 10.4
% Users Preferring ... (" ) 83 17 100 0 67 33 83.3 16.7
Communicative ability (" ) 3.3/5 2.3/5 4.3/5 1.3/5 2.8/5 2.3/5 3.5/5 2.0/5
“Clearly communicated to me
when it couldn't do something.”

(" ) 4.3/5 2.3/5 3.7/5 1.2/5 4.2/5 2.5/5 4.1/5 2.0/5

Overall Satisfaction working w/ Robot (" ) 3.7/5 2.7/5 3.5/5 1.5/5 3.5/5 2.5/5 3.6/5 2.2/5

TABLE I: Comparison between our method and the LLM baseline across three real-world tasks. Ratings out of 5 are on the
Likert scale. By more effective task allocation and communication, our method is able to achieve much higher task success
rate and overall user satisfaction.

Fig. 4: In both real-world user studies (left) andsimulation trials with a simulated human (right), our method (red)
demonstrates the best tradeoff in achieving task success (y-axis) for a given amount of human effort (x-axis) than baselines
(blue) and our method's ablations (pink).

To control for the amount of human effort elicited in the user
studies with our method, we compute an additional random
allocation baseline that does not involve a human participant,
RECB (random effort-controlled baseline). We denote the
percentage of steps done by the human in the user trials of
our method aspc. RECB randomly allocates the current step
to the human with probabilitypc, and assumes the human
always accepts the robot's request. RECB also assumes access
to oracle robot primitives with 100% success rate.

In simulation, we additionally compare against anRL base-
line (hierarchical task allocator + robot policy; see Appendix
for details), and a naiveRandom baseline, which randomly
allocates either agent (with probability 50%) to perform the
next step.

Ablations. To measure the importance of mixed-initiative,
we perform the following ablations in simulation:H-init
and R-init , where the human or the robot alone can initiate
any dialog, respectively. We further ablate components of
MICoBot in simulation by running itw/o P_H (no pH;t

estimation) andw/o Plan Hierarchy (where our method talks
to the human in low-level ssteps).

Tasks. We performed user studies on 3 real-world tasks
(Pour Package into Bowl, Assemble Toy Car, and Pack Gift
Box) with 6 participants per task for a total of 18 unique

human participants. Each task is a long horizon sequence of
5 to 8 mobile manipulation steps. See Appendix for details.

Experimental analysis. Our experiments are designed to
answer the following research questions:

(1) Does our method achieve the best trade-off between
task success and minimizing human effort?In our real-
world user study (Table I), MICoBot achieves a 61% task
success rate, compared to 0% for the LLM baseline, by
leveraging human assistance on 38% of the steps. The LLM
baseline underperformed because it prioritized minimizing
human effort over task completion—requesting and receiving
help in only 10% of steps, even when the robot lacked the
capability to execute them. To control for the amount of
human effort received, we compare our method to RECB in
Figure 4. Despite RECB assuming oracle robot primitives with
100% success, our method still signi�cantly outperforms it,
demonstrating a more effective balance between success and
human workload.

(2) How do users feel about working with our system?
The A/B blind preference test in Table I shows that 83% of
users preferred our method over the LLM baseline. Among the
three participants who favored the baseline, two experienced
trials in which neither method completed the task, while the
third preferred the baseline because it did not initiate conver-



sation—unlike our method, which occasionally requested the
user's assistance, even though the task ultimately succeeded.

Our method also signi�cantly outperformed the baseline
in overall satisfaction, scoring 3.6 out of 5.0 compared to
2.2 for the LLM. Participants rated our system as more
communicative (4.1 vs. 2.0), better at initiating dialog, and
more aware of its own limitations. In contrast, the LLM
baseline consistently failed to express when it needed help
and was often unwilling to reject tasks it could not complete,
leading to over-promises and task failures. A representative
dialog exchange—available in the Appendix and on our project
website—shows MICoBot successfully persuading an initially
reluctant user to perform a step the robot was incapable of
executing.

(3) Is mixed-initiative dialog critical to our method's
performance? Figure 4 (right) shows that our full method
outperforms both ablated variants that restrict dialog to single-
initiative modes: robot-only initiation (R-init) and human-
only initiation (H-init). H-init performs especially poorly, as
it prevents the robot from requesting help for steps it cannot
execute. R-init performs slightly worse than the full method
because it does not allow the human to proactively initiate
dialog and assist when appropriate. These results underscore
the importance of mixed-initiative dialog in enabling �exible,
robust human-robot collaboration.

Additional experimental results and analysis (e.g. the role
of pH;t estimation), are in the Appendix.

VI. CONCLUSION

We proposed MICoBot, a real-world robotic collaborator
that can engage in mixed-initiative dialog with humans on
long-horizon mobile manipulation tasks. Our work represents
the �rst effort to unify two previously unconnected lines
of research: mixed-initiative dialog and HRI. To this end,
we formulated a novel optimization function and robotic
framework using mixed-initiative dialog as a rich interface for
task allocation to maximize task success while minimizing
human effort and complying with verbally-expressed human
preferences. Real-world user studies with 18 human partici-
pants and nearly a thousand trials in simulation demonstrate
the ef�cacy, adaptability, and user satisfaction of our method
across a diverse range of human physical and verbal behavior.

VII. L IMITATIONS AND FUTURE WORK

This paper represents our initial effort on uniting mixed-
initiative natural-language dialog with mixed-initiative human-
robot interaction. While we focused on delegating steps for
long-horizon manipulation tasks in a manner that maximizes
task success and minimizes human effort, we believe this
paper opens up exciting new avenues for future work. These
include enabling both agents learning to provide and incor-
porate spatial-temporal feedback to each other while perform-
ing a task, share relevant task information in an imperfect-
information setting, and replan and rede�ne a task as neces-
sary, all through mixed-initiative dialog interactions.

MICoBot has a number of limitations. First, it assumes a
�xed plan with a predetermined ordering of steps. It cannot
handle cases where the human wishes to add new steps to
or remove existing steps from the plan dynamically, such as
if the user tells the robot to “grab another cold drink while
you're at the fridge before coming back to me.” Our method
also cannot handle cases where a robot and human wish to
collaborate simultaneously on the same step in the plan, such
as if the robot holds a roll of tape and the human cuts from it.
Furthermore, MICoBot does not support parallelization where
both the human and robot can work on different steps of a task
simultaneously. One way to address this would be to operate
on plan trees, where the parent nodes are steps that must be
done before the child nodes, and sibling nodes can be executed
by either agent in parallel.

Our method could be improved further by taking into
account more information about the user. For instance, MI-
CoBot assumes that “effort” is based on the time necessary
to perform a task until completion. However, effort may also
depend on the intensity of the task, how much the user enjoys
it, and how physically capable each user is—our method
had sidestepped this issue by assuming each human would
expend the same amount of effort for each action primitive
from some given states. Finally, there are additional ways
to better predictpH;t , such as by processing tone-of-voice
and observing facial expressions, that can enable the robot
to produce more emotionally understanding dialogue, which
can potentially boost task success outcomes and increase user
satisfaction.
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