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Abstract

Large Language Model agents can seemingly
plan and act, yet their language use is often
treated primarily as an interface for instructing
actions and reporting results. We argue that this
framing is one important cause of recurrent co-
ordination failures in human-facing and multi-
agent settings, including ungrounded assump-
tions, silent goal misalignment, brittle protocol
adherence, and failures to maintain or update
shared dialogue state over time, a limitation pre-
viously linked to the absence of explicit com-
mon ground tracking in collaborative systems
(Geib et al., 2022). Drawing from classical dia-
logue system research on joint action, common
ground, grounding, repair, and incremental pro-
cessing, we re-frame dialogue as part of the
planning loop itself (rather than its output). We
distill this re-framing into concrete implications
for agentic architecture and evaluation, includ-
ing explicit representations of shared commit-
ments, clarification as a first class action avail-
able to the policy, and process metrics that ap-
proximate grounding behavior, repair, and com-
mitment formation rather than task completion
alone. We lastly discuss how dialogue-centered
requirements can inform standards and gover-
nance for safe deployment of agentic systems.

Dialogue Is More Than an Interface

Consider a scenario where two agents coordinate a
meeting. Agent A issues the instruction “Sched-
ule it for 2 PM.” Agent B responds with “Con-
firmed.” While the interaction appears successful,
it fails because the agents have presumed, incor-
rectly, that they are in a common time zone. This
can be analyzed as a failure of grounding, the pro-
cess of establishing mutual knowledge sufficient
for the current purpose. The agents have executed
API calls to schedule a meeting for “2 PM” without
coordinating on the implicit time zone.

This class of coordination failure increases as
autonomous agents enter complex environments.

A. Interface-Dominant View of Agent Communication
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Figure 1: A schematic contrast between treating di-
alogue primarily as an interface for action execution
versus as a mechanism for coordinating joint action.
A) Agents use text-based generation for setting proto-
cols and making reports, which can lead to coordination
failures when grounding and shared state are weakly
modeled. B) While agents built around the concept of
dialogue as a joint action illustrate a perspective that
suggests design directions for addressing common coor-
dination failures of multi-agent systems. Some current
systems may exhibit aspects of both views.

Contemporary Large Language Model (LLM)
agents demonstrate high proficiency in code gen-
eration and API utilization. Yet, their capacity for
dialogue as the management of joint activity re-
mains brittle. Even when faced with ambiguity
or underspecification, these systems proceed as
though interpretations are unproblematic, acting as
if understanding and agreement have been reached,
without considering evidence of whether this is the
case. Prior work argues that planning and commu-
nication must be coupled in collaborative systems
(Geib et al., 2022; Cohen, 2020), a perspective that
informs and motivates our own suggestions.
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Addressing this fragility requires fundamentally
rethinking how current agent architectures and eval-
uations frame communication (see Figure 1). Pre-
vailing agentic systems treat dialogue as a superfi-
cial interface layer separate from the core loop of
planning. In this Interface View, many systems per-
form substantial latent reasoning before producing
a surface utterance or action. Language functions
as the output or summarization of an internal plan-
ning process. In contrast, we propose the Joint
Action View, drawing on dialogue theory, computa-
tional linguistics, and adjacent fields.

Our view, based on Clark (1996b), frames con-
versation as the planning process itself for Al
agents. In this setting, Collaboration constitutes
the coordination of individual actions through pub-
lic commitments or information state; Repair acts
as the control mechanism by which agents correct
misalignment; and, Common Ground is the evolv-
ing set of publicly grounded assumptions and com-
mitments sufficient for the current purpose, which
ultimately enables efficient future action.

Agency Is Social, Thus Needs Dialogue

Current agents treat dialogue as a planning output,
in which, the system “reasons” internally,' then
expresses conclusions through language. We argue
for a complementary reversal of emphasis: that di-
alogue functions as part of the planning process.
Planning in collaborative settings faces a funda-
mental challenge, where natural language goals
are ambiguous, and this ambiguity cannot be fully
resolved before action begins. Thus, conversa-
tion serves as a collaborative medium where plans
emerge under uncertainty (Clark, 1996b; Cohen
and Perrault, 1979; Searle, 1983; Gilbert, 2009).
In this part, we develop three claims. First, goal
specification in social settings remains ambiguous
and planning must proceed under that ambiguity.
Second, ambiguity is a lever for coordination such
that it can reduce collaborative effort when repair
is available—it is not solely an adversary to elimi-
nate through upfront clarification. Third, memory
and perception relevant to collaboration must be so-
cially coordinated, requiring alignment with others’
interpretations. These claims position dialogue as
a space to clarify plans and future intentions—as
opposed to a space for negotiating plans, reporting

"Many modern agents do not instantiate planning in the
classical sense (Kambhampati et al., 2024). The argument
here does not depend on whether internal reasoning conforms
to such formulations, but adds a distinct shortfall.

on them, or clarifying references—a view consis-
tent with recent architectural work on human-Al
teamwork (Geib et al., 2022). However, the treat-
ment of dialogue as a space for plan formation is
largely unimplemented in modern agents.

Many contemporary agents bypass collaborative
planning during generation Rather than treating
underspecification as an opportunity for coordina-
tion, agents often rely on implicit defaults, prompt
conventions, or latent priors. They often revise
goals weakly under uncertainty, especially with-
out explicit grounding mechanisms. In multi-agent
settings, they do not negotiate plans with collab-
orators, which can contribute to goal drift, where
agents deviate from user intent as misinterpreta-
tions compound (Cemri et al., 2025). Cascading
errors are widely observed, where early mistakes
propagate to subsequent actions (Zhu et al., 2025b).

We view these failures as partly architectural
and partly evaluative and highlight broken feed-
back loops in Table 1, which maps current multi-
agent systems to the ideal dialogue pipeline topol-
ogy. Systems that do not engage collaborators in
goal specification lack mechanisms to detect mis-
alignment. This blindness is reinforced by current
evaluation frameworks. While holistic benchmarks
assess task completion (Kapoor et al., 2024, 2025),
many coordination benchmarks still emphasize out-
comes more than observable grounding behavior
(Zhu et al., 2025a). Multi-turn evaluations assess
memory recall rather than mutual understanding
(Zheng et al., 2023; Maharana et al., 2024). Even
dialogue-specific comprehension benchmarks re-
quire reasoning beyond surface extraction (Sun
et al., 2019), yet agent evaluations rarely measure
whether understanding was actually mutual. This
evaluative emphasis may help obscure phenomena
like sycophancy (Sharma et al., 2023; Sicilia et al.,
2025), deference, or premature agreement, because
metrics measure what agents accomplish, rather
than the collaborative fidelity of their interactions.

What dialogue brings. Classical work on plan-
based speech acts (Cohen and Perrault, 1979) and
discourse theory (Grosz and Sidner, 1986) estab-
lishes that utterances are planned actions with pre-
conditions and effects, organized to serve a coher-
ent intent.> Speech acts function as operators in a

2Grosz and Sidner (1986) treat a conversation as organized
around goals and subgoals (intentional structure), arranged in a
hierarchy (dominance and ordering relations), and interpreted
relative to what is currently in focus (attentional state). While

771



System / Era Original Architecture Pipeline Topology Description Emergent Property
I. The Reference Architectures
Joint Commitments: Fluidity (Mind Meld):
Ideal Co-Age'nt X—® = e o e DM tracks "We-Intentions." Re-  Interactions feel seamless. Am-
((;lark, 1996¢; Grosz and pair is continuous and bidirec-  biguity is resolved before execu-
Sidner, 1986) tional. tion.
I1. Computer-Using & Single Agents
Thought/ s Self-Looping: Cascading Failure:
ReAct / Reflexion Actign A Feedback comes from Observa- ~ 73% of failures stem from cas-
(Yao et al.. 2023: Shinn ﬂ::@ s q wo (0w (e ) rion (Env), not Repair (User). It cades (Zhu et al., 2025b). Single
etal., 2023) Obs N -+ talks to itself. root cause in Planning/Reflection
Blocked propagates.
1. Multi-Agent Systems
_B’f"‘”_* Stateless Handoff Fragmentation:
’ - ~A ateless Handoff: . : 4
OpenAl Swarm ﬁiﬁb H e Ny Context loss during handoff.
: g8 user |- { NLU NG andoffs transfer control, Nt nrinimal gains over single agents
https://github.com/ @ . X context. No shared DM. : g' gleqe
openai/swarm (Cemri et al., 2025).
IV. Embodied & Robotics
Roboti VLA (RT2 %e‘gg;m End-to-End Bypass: Silent Failure:
obotics s

PalLM-e) (Zitkovich et al., Img”| u,,.w
2023; Driess et al., 2023) »"“"*" X0~

Txt,

Vision/Text maps directly to Ac-
tion tokens. DM is collapsed into
the policy.

62% success (PaLM-E). Robot
acts on ambiguity without ask-
ing.

V. Optimization Methods

—td

DPO/PPO Prompt > © User NLU om

(Rafailov et al., 2023)

NLG

Echo

Policy Absorption:

DM is collapsed into the Policy
(P(y|z)). Grounding = Prefer-
ences.

Sycophancy:

Maximizes agreeableness rather
than truth. Grounding is opti-
mized away.

Table 1: A comparative analysis of some current conversational Al agents or related methods, and their mapping to
the traditional dialogue system pipeline. The ideal architecture is shown at the top, providing comparison to other
systems. Missing aspects lead to several emergent disadvantages (see Appendix A for more comparisons).

planning system, integrated with physical (or dig-
ital) actions to advance a goal. This integration
implies that asking a question often constitutes the
optimal action (Schlangen, 2004; Bohus and Rud-
nicky, 2009; Young et al., 2013). Computational
models have demonstrated that cognitive represen-
tations of user intent can be integrated with rein-
forcement learning to plan targeted clarification
actions (Khalid et al., 2020). Furthermore, works
in discourse theory and plan-based dialogue mod-
els argue that planning and meaning interpretation
are tightly coupled: understanding an utterance
involves inferring the speaker’s underlying goals,
while producing an utterance involves choosing
actions that advance one’s goals (Grosz and Sid-
ner, 1986; Traum, 1994). Formal specifications of
grounding acts provide machinery for establishing
mutual understanding incrementally (Larsson and
Traum, 2000), along with incremental processing
frameworks at a token-by-token level (Schlangen
and Skantze, 2009). This enables grounding and
repair during the utterance itself and motivates real-
time integration. Deployed systems that include

not formulated in planning terms, this structure is compati-
ble with viewing discourse segments as goal-directed actions
whose applicability depends on discourse context and whose
effects update shared attentional and intentional state.

discourse coherence into modular task-oriented ar-
chitectures have shown measurable improvements
in user satisfaction (Atwell et al., 2024), suggesting
that the dialogue-centered approach we advocate is
practically viable. Meanwhile, in embodied conver-
sation, speech and gesture must also be coordinated
as joint actions, so planning must account for con-
text across modalities (Cassell et al., 2000).

Current agent designs often suppress ambigu-
ity management. Empirical evidence confirms
this gap, where GPT-4 generates 60% fewer cor-
rect disambiguations compared to humans (Liu
et al., 2023), and pragmatic reasoning remains sys-
tematically absent from grounded language sys-
tems (Fried et al., 2023). Even in controlled code
generation settings, ambiguity in user goals de-
grades task success unless agents interactively re-
solve it (Inan et al., 2025b). In multi-agent systems,
this weakness manifests through exhaustive mes-
sage schemas that try to pre-encode coordination
assumptions upfront (Zhu et al., 2025a). The result
is brittle and overly expensive. When unanticipated
situations arise, agents fail at a higher cost.

What dialogue brings. Dialogue offers a differ-
ent view. The principle of least collaborative ef-
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fort helps explain why interlocutors often leave
information underspecified when repair is cheap
and common ground is sufficient, relying on them
to converge efficiently (Clark and Brennan 1991;
1996a). Ambiguity functions as a resource, not a
defect. Discourse structure further constrains in-
teraction by imposing obligations. Once a speaker
initiates an explanation or proposal, coherence rela-
tions restrict what counts as an acceptable next
move (Asher and Lascarides, 2003; Grosz and
Sidner, 1986). Violations of these obligations
are immediately salient to human interlocutors.
Discourse-theoretic approaches that organize di-
alogue structure through coherence relations have
shown that surfacing enough information for er-
rors and misunderstandings to become visible can
improve task success without requiring explicit am-
biguity tracking or formal grounding (Inan et al.,
2025a; Atwell et al., 2024), pointing to how classi-
cal dialogue theory can productively inform LLM-
based agent research. Meanwhile, current agents
lack explicit representations of such discourse con-
straints, and it is unclear whether they reliably re-
cover them implicitly from data. The result is an
unconstrained search-space over user intentions—
one which could be readily resolved by classical
ideas from dialogue theory.

Contemporary agents treat memory as private
storage and perception as individual inference.
Indeed, early BDI formulations center private in-
tentions (Bratman, 1987; Rao and Georgeff, 1995)
and modern implementations of agents often follow
suit.®> This reflects a broader pattern whereby lan-
guage understanding research has been constrained
by treating language as separable from the physical
and social contexts that give it meaning (Bisk et al.,
2020). Generative Agents (Park et al., 2023) and
cognitive architectures (Sumers et al., 2024) encode
experiences through self-reflection alone. These ar-
chitectures incorporate social signals only as inputs
to individual memory, without representing mem-
ory as a shared, jointly updated state founded in
explicit representations of common ground or com-
mitments. Even Theory-of-Mind approaches pri-
marily model other agents as inference targets, i.e.,
objects of belief and intention prediction (Zhang
et al., 2025; Kostka and Chudziak, 2025), so that co-
ordination is achieved indirectly through improved

31t should be noted that these frameworks have also been
extended to social commitments and joint intentions (Rao

and Georgeff, 1992; Castelfranchi, 1995), but this view is not
frequently taken in modern implementations of agents.

prediction. This fails to explicitly utilize shared
or jointly constructed representation states, and
therefore, leaves the agent prey to apparent uncer-
tainties in the accuracy of belief inference (Sicilia
et al., 2024; Sicilia and Alikhani, 2025). For per-
ception, many multi-agent systems rely on central-
ized training signals with access to global state
(Lowe et al., 2017; Gronauer and Diepold, 2022).
However, because execution remains decentralized,
agents must still act under partial and potentially
misaligned observations, without explicit mecha-
nisms for reconciling how collaborators segment
the world. As a result, coordination is mediated
through implicit policy alignment during training,
which compounds uncertainty that could instead be
resolved through explicit agreement at runtime.

What dialogue brings. On many grounding ac-
counts of dialogue, information enters the working
common ground through public presentation and
sufficient evidence of uptake (Clark, 1996a), not
through one agent’s private inference alone. For ex-
ample, in visually grounded dialogue, human inter-
locutors progressively compress descriptions of vi-
sual information across dialogue rounds, leveraging
partner-specific expressions whose interpretation
depends on shared interaction history (Haber et al.,
2019). This points to a concrete design require-
ment for agents: context-sensitive interpretation
is not enough unless the outcomes of clarification,
correction, and acknowledgment are recorded in an
explicit public state. Information state approaches
(Larsson and Traum, 2000) can provide this miss-
ing split by distinguishing private beliefs and agen-
das from shared commitments, while grounding
models specify how repair and acknowledgment
update that shared record (Traum, 1994). By con-
trast, LLM attention mechanisms operating over
context-windows are less explicit and perhaps too
ephemeral to support collaborative commitments
across interactions. This is evidenced by Imai et al.
(2025), confirming that vision language models fail
to exhibit grounding behaviors.

Looking Ahead for Designers and Policy Makers

Designers should treat clarification as a planning
operator with measurable utility. Classical dia-
logue managers like RavenClaw (Bohus and Rud-
nicky, 2009) and POMDP-based systems (Young
et al., 2013) separate understanding from action
policies to force reasoning about when asking is
better than (physically) acting. Current multi-agent
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architectures collapse this distinction. The fix is
in re-incorporating effective dialogue management.
When uncertainty about a collaborator’s intent ex-
ceeds a threshold, the agent’s policy should select
a grounding act rather than proceed with default
assumptions. A key insight from traditional dia-
logue system architectures is that this may require
explicit separation of “understanding” and “‘acting”
components, or at least, treating understanding as a
first-class action. Evaluation frameworks must fol-
low, measuring whether agents surface ambiguity
before execution, in addition to whether final out-
puts match expected outcomes. This principle con-
nects to a broader body of work in which deliberate
slowdowns and interruptions to automatic behavior
have been shown to improve reflection, reduce er-
rors, and support more mindful engagement across
dialogue systems (Inan et al., 2025a), human-Al
interaction (Chen and Schmidt, 2024), social me-
dia platforms (Ruiz et al., 2024), and technology-
mediated nudging (Caraban et al., 2019). These
findings suggest that the costs of clarification and
repair, which current agent architectures treat as
inefficiencies to minimize, can be productive.

Multi-agent communication protocols should be
designed for negotiation. Clark and Brennan’s
principle of least collaborative effort predicts that
interlocutors use minimal specificity when com-
mon ground permits. Rigid message schemas
and exhaustive prompts violate this principle by
front-loading coordination costs. Designers should
instead implement grounding acts, where agents
present contributions, signal acceptance or non-
understanding, and initiate repair when alignment
fails. The machinery which already exists in clas-
sical dialogue state tracking (Larsson and Traum,
2000), can be an example model.

Memory in multi-agent systems should be modeled
as socially constructed. Shared memory in multi
agent systems should distinguish private memory
from publicly-grounded commitments. The ar-
chitectural recommendation follows directly from
classical dialogue state tracking (e.g., information
states) that information enters the shared state only
after it has been presented and accepted by col-
laborators (Clark, 1996a). Current systems like
Generative Agents (Park et al., 2023) treat memory
as private database operations, producing agents
that are sycophantic in the moment and amnesic to
commitments over time. Designers should imple-
ment explicit acceptance mechanisms that distin-

guish what is mentioned or inferred from what is
mutually established.

Perception in agentic systems should be treated as
a collaborative reference resolution task. Multi-
modal reference games (Haber et al., 2019) demon-
strate that accurate co-reference to mutually per-
ceived objects depends on negotiation between par-
ticipants. Current multi-agent systems often learn
under a complete environmental view, and infer
global states at runtime, bypassing this coordina-
tion problem entirely. However, without this co-
ordination, it is difficult to reliably detect when
collaborators may interpret the same symbol dif-
ferently. Designers should build systems where
referential expressions are established through in-
teraction, following the incremental processing
frameworks of Schlangen and Skantze (2009).
Even sub-utterance signals like hesitations and self-
corrections function as coordination mechanisms
(Ginzburg et al., 2014), and nonverbal cues such
as facial displays of uncertainty have been shown
to be interpretable by human interlocutors in both
human and agent interactions (Oh and Stone, 2007).
Removing these signals through single-turn opti-
mization produces agents that cannot track whether
their collaborators follow their reasoning.

Policy frameworks should evaluate communicative
behavior alongside capabilities. Current gover-
nance proposals focus on what agents can do: their
tool access, their autonomy level, their potential
for misuse. What they overlook is how agents
communicate, and whether that communication
enables the collaborative reasoning that safe de-
ployment requires. Many policy violations at scale
trace to grounding breakdowns: the agent and user
never established shared understanding of goals,
constraints, or intent (Zou et al., 2025; Kapoor
et al., 2025). When an agent books the wrong
flight, capability-centered evaluation asks whether
the agent used its tools correctly, while in fact,
the error originated upstream. Interaction-centered
evaluation instead asks whether the agent verified
its interpretation before acting and surfaced ambi-
guity rather than resolving it silently. The demon-
strated capacity of models to produce fluent yet
misleading content (Huang et al., 2022) and the
systemic nature of model deployment (Bommasani
et al., 2022) reinforces the need for governance
frameworks that evaluate communicative ground-
ing processes, extending audits beyond action logs
to grounding history.
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Limitations

This paper is intentionally conceptual rather than
empirical. Our aim is to make a particular class
of failures visible: those that arise when dialogue
is treated as a thin interface instead of a form of
joint action. We are not proposing a new system or
attempting to benchmark existing ones, and for that
reason we do not include large scale experiments or
quantitative comparisons across architectures. The
evaluation sketch we provide is meant as a diagnos-
tic tool, a way to surface collaboration failures, not
as a standardized benchmark.

Other failure modes, such as long horizon mem-
ory misalignment, perceptual grounding in mul-
timodal settings, and strategic or adversarial dia-
logue, are only touched on briefly or deferred to the
appendix. Each of these raises its own set of chal-
lenges and deserves a more careful treatment than
is possible within a short paper. Lastly, our analy-
sis assumes good faith collaboration. We treat dia-
logue as a collaborative process. We do not address
settings where agents or users are misaligned by
design, such as persuasion, manipulation, or com-
petitive multi-agent interactions. In those cases,
dialogue behavior may reflect strategic incentives
rather than breakdowns in shared understanding,
and different theoretical and evaluative tools would
be required.
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A Detailed Comparison Table

We present the full table with additional example
architectures in Table 2.
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System / Era Original Architecture

Pipeline Topology

Description

Emergent Property

1. The Reference Architectures

Ideal Co-Agent
(Clark, 1996¢; Grosz and
Sidner, 1986)

User

NLU

DM

NLG

Joint Commitments:

DM tracks "We-Intentions." Re-
pair is continuous and bidirec-
tional.

Fluidity (Mind Meld):
Interactions feel seamless. Am-
biguity is resolved before execu-
tion.

Classical Dialogue NLU NLG User NLU oM NG TCP-like Reliability: Convergence:
(Ferguson and Allen, S=—-Y Explicit DM maintains state. The =~ 22% latency reduction via turn-
1998; Bohus and Rud- Repair "Repair" link allows handshakes.  taking repair (Bohus and Rud-
nicky, 2009) nicky, 2009).
ReSpAct / SpeakRL Sing ™ oM NG Integrated Speech Act: Proactive Grounding:
(Dongre et al.,, 2025; S =Y "Speaking” is a grounded action.  Clarifies instructions before act-
Acikgoz et al., 2025) Repair ing.
I1. Computer-Using & Single Agents
o o Click Self Broken Loop: Getting Stuck:
penél peratlor = o & e System loops with the OS, not  38.1% success on OSWorld (Xie
https://openai. com/ Pixels y’ the User. DM is missing; actson et al., 2024). Agents hand off
research/operator S~ raw intent. control when confused.
Blocked
Thought/ o
Action <!
ReAct / Reflexion E/Ct{ " A - " Self-Looping: Cascading Failure:
(Yao et al., 2023; Shinn ‘/@ = a g . > Feedback comes from Observa-  73% of failures stem from cas-
et al., 2023) Obs N tion (Env), not Repair (User). It cades (Zhu et al., 2025b). Single
Blocked talks to itself. root cause in Planning/Reflection
propagates.
II1. Multi-Agent Systems (Siloed)
MetaGPT Siloed Monologue: Coordination Failure:
Spec».. User NLU oM NG Waterfall SOP structure. No 14 failure modes identified in
(Hong et al., 2024) m m shared memory between roles. MAST (Cemri et al., 2025)
(k=0.88).
Bypass
andof .-~ " T ~a Stateless Handoff: Fragmentation:
Openél Swarm 6:::@ v (o) (3¢) (e Handoffs transfer control, not  Context loss during handoff.
https : //github.com/ context. No shared DM. Minimal performance gains over
openai/swarm single agents (Cemri et al.,
2025).
1V. Embodied & Robotics (Bypassed)
Relles End-to-End Bypass: Silent Failure:

Robotics VLA (RT2, 1Y
PaLM-e) (Zitkovich et al., me

2023; Driess et al., 2023) Txti

User

Vision/Text maps directly to Ac-
tion tokens. DM is collapsed into
the policy.

62% success (PaLM-E). Robot
acts on ambiguity without ask-
ing.

V. Optimization (Collapsed)

|—'
Prompt p| ©

DPO /PPO
(Rafailov et al., 2023)

Genetic Agents
(Fernando et al., 2023)

User

User

NLU

-
NLU

DM

NLG

Echo

Bypass

X

SA

NLG

Policy Absorption:

DM is collapsed into the Policy
(P(y|z)). Grounding = Prefer-
ences.

Darwinian:

NLU — NLG mapping is
evolved. No runtime reasoning
exists.

Sycophancy:

Maximizes agreeableness rather
than truth. Grounding is opti-
mized away.

Brittle Success:

"Magic spell" prompts work for
benchmarks but fail when intent
shifts.

Table 2: This table presents a comparative analysis of current conversational Al agents, and their mapping to
traditional dialogue system pipelines. The ideal human-human dialogue is shown at the top, providing a comparative
point to other systems, and what aspects are missing, which lead to several emergent disadvantages.
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