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Abstract001

Large Language Model agents can seemingly002
plan and act, yet their language use is often003
treated as a thin interface for reporting. We004
argue that this framing is the root cause of pre-005
dictable coordination failures in human-facing006
and multi-agent settings, including ungrounded007
assumptions, silent goal misalignment, brittle008
protocol adherence, and conversational amne-009
sia. Drawing from classical dialogue system re-010
search on joint action, common ground, ground-011
ing, repair, and incremental processing, we re-012
frame dialogue as part of the planning loop013
itself (rather than its output). In this position014
paper, we do not propose a new benchmark or015
training method, but we provide a novel per-016
spective and actionable requirements that can017
be used to design and evaluate agents. We dis-018
till this re-framing into concrete implications019
for agentic architecture and evaluation, includ-020
ing explicit representations of shared commit-021
ments, planned clarification as an action, and022
process metrics that measure mutual under-023
standing rather than task completion alone. We024
lastly discuss how dialogue-centered require-025
ments can inform standards and governance for026
safe deployment of agentic systems.027

Dialogue Is More Than an Interface028

Consider a scenario where two agents coordinate a029

meeting. Agent A issues the instruction “Sched-030

ule it for 2 PM.” Agent B responds with “Con-031

firmed.” While the interaction appears successful,032

it fails because the agents do not share a synchro-033

nized time zone. This failure stems from incom-034

plete grounding, the process of establishing mu-035

tual knowledge sufficient for the current purpose.036

The agents failed to verify that the symbol “2 PM”037

mapped to the same semantic reality for all parties,038

despite the successful execution of API calls.039

This class of coordination failure increases as040

autonomous agents enter complex environments.041

Contemporary Large Language Model (LLM)042
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Figure 1: The critical distinction between what dia-
logue is and how current agentic AI uses dyadic text-
generation. A) Agents use text-based generation for
setting protocols and making reports, leading to the root
problem of dialogue as an interface. B) While agents
built around the concept of dialogue as a joint action
provide a new perspective with solutions to the common
failures of multi-agent systems.

agents demonstrate high proficiency in code gener- 043

ation and API utilization. Yet, their capacity for di- 044

alogue as the management of joint activity remains 045

brittle. When faced with ambiguity, these systems 046

frequently proceed without verification and hallu- 047

cinate agreement instead of initiating repair. 048

We argue that this fragility results from how 049

current architectures frame communication (see 050

Figure 1). Prevailing agentic systems treat dia- 051

logue as a superficial interface layer separate from 052

the core loop of planning. In this Interface View, 053

the system reasons privately before reporting its 054

decision. Language functions as the output and 055

surface-level generations of the planning process. 056

We propose the Joint Action View, supported by 057

research in computational linguistics. Our view, 058
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based on Clark (1996b), frames conversation as059

the planning process itself for AI agents. Collab-060

oration constitutes the coordination of individual061

actions through shared mental states, Repair acts as062

the control mechanism by which agents correct mis-063

alignment, and Common Ground is the dynamic064

accumulation of mutual beliefs that enables effi-065

cient future action.066

Agency Is Social, Thus Needs Dialogue067

Current agents treat dialogue as a planning out-068

put, in which, the system reasons internally, then069

expresses conclusions through language. We ar-070

gue the inverse: that dialogue functions as part071

of the planning process. Planning in collabora-072

tive settings faces a fundamental challenge, where073

natural language goals are ambiguous, and this074

ambiguity cannot be fully resolved before action075

begins. Conversation serves as a collaborative076

medium where plans emerge under uncertainty077

(Clark, 1996b; Cohen and Perrault, 1979; Searle,078

1983; Gilbert, 2009). In this part, we develop three079

claims. First, goal specification in social settings080

remains ambiguous and planning must proceed un-081

der that ambiguity. Second, ambiguity is a lever082

for coordination, rather than an adversary to elimi-083

nate through upfront clarification. Third, memory084

and perception are social, requiring alignment with085

others’ interpretations.086

Contemporary AI agents do not account for ambi-087

guity in natural language goals. When a user is-088

sues a request such as “schedule a meeting with the089

team,” the agent proceeds without establishing pa-090

rameters like the specific team or time constraints.091

Rather than treating this underspecification as an092

opportunity for coordination, agents apply their in-093

ternal defaults. They do not revise goals effectively094

under uncertainty. In multi-agent settings, they095

do not negotiate plans with collaborators. This096

results in goal drift, where agents deviate from097

user intent as misinterpretations compound (Cemri098

et al., 2025). Cascading errors also occur, where099

early mistakes propagate through subsequent ac-100

tions (Zhu et al., 2025b).101

We view these failures as architectural and high-102

light broken feedback loops in Table 1, which maps103

current multi-agent systems to the ideal dialogue104

pipeline topology. Systems that do not engage col-105

laborators in goal specification lack mechanisms to106

detect misalignment. This blindness is reinforced107

by current evaluation frameworks. While holistic108

benchmarks assess task completion (Kapoor et al., 109

2024, 2025), coordination benchmarks prioritize 110

outcome over collaborative process quality (Zhu 111

et al., 2025a). Multi-turn evaluations assess mem- 112

ory recall rather than mutual understanding (Zheng 113

et al., 2023; Maharana et al., 2024). Consequently, 114

phenomena like sycophancy (Sharma et al., 2023) 115

persist because metrics measure what agents ac- 116

complish, rather than the collaborative fidelity of 117

their interactions. 118

What dialogue brings. Classical work on plan- 119

based speech acts (Cohen and Perrault, 1979) and 120

discourse theory (Grosz and Sidner, 1986) estab- 121

lishes that utterances are planned actions with pre- 122

conditions and effects, organized to serve a coher- 123

ent intent. Speech acts function as operators in a 124

planning system, integrated with physical (or dig- 125

ital) actions to advance a goal. This integration 126

implies that asking a question often constitutes the 127

optimal action (Schlangen, 2004; Bohus and Rud- 128

nicky, 2009; Young et al., 2013). Consider the 129

request “book me a flight to Boston.” A dialogue- 130

native agent recognizes multiple sources of under- 131

specification. The agent plans a clarification re- 132

quest as the action most likely to achieve the user’s 133

underlying goal. Furthermore, computational prag- 134

matics establishes that planning and meaning iden- 135

tification are intertwined (Grosz and Sidner, 1986; 136

Traum, 1994). Formal specifications of grounding 137

acts provide machinery for establishing mutual un- 138

derstanding incrementally (Traum, 1994; Larsson 139

and Traum, 2000). Incremental processing frame- 140

works (Schlangen and Skantze, 2009) demonstrate 141

that understanding and generation occur word-by- 142

word, enabling agents to ground meaning during 143

utterances. In multi-party settings, participants 144

track the common ground shared among all par- 145

ties (Clark, 1996c), enabling coordination at scale. 146

Hence, we argue that this incrementality is at the 147

core of dialogue theory, and should be incorporated 148

into the architectures of agentic systems. 149

Current agents fail to exploit ambiguity. They 150

hide collaborative reasoning behind over-specified 151

prompts. In multi-agent systems, this manifests as 152

exhaustive message schemas that attempt to antici- 153

pate every possible coordination need upfront (Zhu 154

et al., 2025a). The result is brittle and overly expen- 155

sive. When unanticipated situations arise, agents 156

fail, and do so at higher cost than otherwise needed. 157
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System / Era Original Architecture Pipeline Topology Description Emergent Property

I. The Reference Architectures

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

U A

Joint State

User NLU DM NLG

Joint
State

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.

II. Computer-Using & Single Agents

ReAct / Reflexion
(Yao et al., 2023; Shinn
et al., 2023)

LLM Env

Thought/
Action

Obs

User NLU DM NLG

Self

Blocked

Self-Looping:
Feedback comes from Observa-
tion (Env), not Repair (User). It
talks to itself.

Cascading Failure:
73% of failures stem from cas-
cades (Zhu et al., 2025b). Single
root cause in Planning/Reflection
propagates.

III. Multi-Agent Systems

OpenAI Swarm
(OpenAI, 2024)

Ag.A Ag.B

Handoff
User NLU DM NLG

Bypass

Stateless Handoff:
Handoffs transfer control, not
context. No shared DM.

Fragmentation:
Context loss during handoff.
Minimal gains over single agents
(Cemri et al., 2025).

IV. Embodied & Robotics

Robotics VLA (RT2,
PaLM-e) (Brohan et al.,
2023; Driess et al., 2023)

Img

Txt
Transf. Motor

User NLU DM NLG

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

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

V. Optimization Methods

DPO / PPO
(Rafailov et al., 2023)

Prompt πθ

πref

L User NLU DM NLG

RM

Echo

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

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

Table 1: This table presents a comparative analysis of current conversational AI 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. (See Appendix A
for more models and architectures.)

What dialogue brings. Dialogue offers a differ-158

ent view. The principle of least collaborative effort159

predicts that interlocutors deliberately underspec-160

ify, relying on common ground and repair to con-161

verge efficiently (Clark and Brennan, 1991; Clark,162

1996a). Ambiguity functions as a resource, not a163

defect. Discourse structure further constrains in-164

teraction by imposing obligations. Once a speaker165

initiates an explanation or proposal, coherence re-166

lations restrict what counts as an acceptable next167

move (Asher and Lascarides, 2003; Grosz and Sid-168

ner, 1986; Traum, 1994). Violations of these obli-169

gations are immediately salient to human interlocu-170

tors. Meanwhile, current agents lack explicit rep-171

resentations of such discourse constraints, and it172

remains unclear whether they reliably recover them173

implicitly from data. The result is an unconstrained174

search-space over user intentions which is resolved175

by classical work on dialogue systems.176

Memory and Perception should be Social Pro-177

cesses. However, contemporary agents treat178

memory as private storage and perception as in-179

dividual inference. The BDI framework models180

intentions as private commitments (Bratman, 1987;181

Rao and Georgeff, 1995), and modern implemen-182

tations follow suit: Generative Agents (Park et al., 183

2023) and cognitive architectures (Sumers et al., 184

2024) encode experiences through self-reflection 185

alone. Even Theory of Mind approaches model 186

other minds as inference targets rather than coor- 187

dination partners (Zhang et al., 2025; Kostka and 188

Chudziak, 2025). For perception, multi-agent sys- 189

tems typically grant each agent a complete view 190

of the environment, bypassing the coordination 191

problem that arises when collaborators segment 192

the world differently (Lowe et al., 2017; Gronauer 193

and Diepold, 2022). 194

What dialogue brings. Dialogue treats memory 195

and perception as social contracts (Harris). Infor- 196

mation enters common ground only after presen- 197

tation and acceptance (Clark, 1996a), and refer- 198

ents like "the block" or "the table" are established 199

through negotiation, not private inference (Haber 200

et al., 2019). This matters mechanistically. Russin 201

et al. (2025) show that in-context learning sup- 202

presses the error signals required for stable long- 203

term commitments, paralleling biological arbitra- 204

tion between flexible and habitual control (Daw 205

et al., 2005). Current agents rely on context win- 206

dows for coordination, but success in the moment 207
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prevents formation of durable shared state. Without208

mechanisms to ground negotiated understanding209

into persistent memory, agents remain sycophan-210

tic short-term partners and unreliable long-term211

collaborators. Dialogue state tracking (Larsson212

and Traum, 2000) provides exactly this machinery:213

repair converts private interpretation into shared214

commitment.215

Looking Ahead for Designers and Policy Makers216

Designers should treat clarification as a planning217

operator with measurable utility, not as a fail-218

ure to understand. Classical dialogue managers219

like RavenClaw (Bohus and Rudnicky, 2009) and220

POMDP-based systems (Young et al., 2013) sepa-221

rate understanding from policy to force reasoning222

about when asking is better than acting. Current223

multi-agent architectures collapse this distinction,224

bypassing the dialogue manager and achieving pro-225

tocol compliance while semantic alignment drifts.226

The fix is in re-incorporating effective dialogue227

management. When uncertainty about a collabora-228

tor’s intent exceeds a threshold, the policy should229

select a grounding act rather than proceed with de-230

fault assumptions. Evaluation frameworks must231

follow, measuring whether agents surface ambigu-232

ity before execution, not just whether final outputs233

match expected outcomes.234

Multi-agent communication protocols should be de-235

signed for negotiation, not transmission. Clark’s236

principle of least collaborative effort (Clark and237

Brennan, 1991) predicts that interlocutors use238

minimal specificity when common ground per-239

mits. Rigid message schemas violate this princi-240

ple by front-loading coordination costs. Designers241

should instead implement grounding acts, such as242

those formalized by Traum (1994), where agents243

present contributions, signal acceptance or non-244

understanding, and initiate repair when alignment245

fails. This machinery already exists in classical246

dialogue state tracking (Larsson and Traum, 2000).247

The absence of such mechanisms explains the co-248

ordination failures observed in current multi-agent249

systems.250

Memory in multi-agent systems should be mod-251

eled as socially constructed, not privately stored.252

The architectural recommendation follows directly253

from dialogue state tracking: information enters254

the shared state only after it has been presented255

and accepted by collaborators (Clark, 1996a). Cur-256

rent systems like Generative Agents (Park et al.,257

2023) treat memory as private database operations, 258

producing agents that are sycophantic in the mo- 259

ment yet amnesic to commitments over time. The 260

ICL/IWL trade-off identified by Russin et al. (2025) 261

provides a mechanistic explanation: success in con- 262

text suppresses the formation of stable shared com- 263

mitments. Designers should implement explicit ac- 264

ceptance mechanisms that distinguish “mentioned” 265

from “mutually established.” 266

Perception in agentic systems should be treated 267

as a collaborative reference resolution task, not 268

as private observation. Multi-modal reference 269

games (Haber et al., 2019) demonstrate that what 270

counts as "the block" or "the file" depends on nego- 271

tiation between participants. Current multi-agent 272

systems typically grant each agent a complete envi- 273

ronmental view, bypassing this coordination prob- 274

lem entirely. When agents lack shared perceptual 275

grounding, they cannot detect that collaborators 276

interpret the same symbol differently. Designers 277

should build systems where referential expressions 278

are established through interaction, following the 279

incremental processing frameworks of Schlangen 280

and Skantze (2009). Even sub-utterance signals 281

like hesitations and self-corrections function as co- 282

ordination mechanisms (Ginzburg et al., 2014). Re- 283

moving these signals through single-turn optimiza- 284

tion produces agents that cannot track whether their 285

collaborators follow their reasoning. 286

Policy frameworks should regulate how agents com- 287

municate, not just what they can do. Current gov- 288

ernance proposals focus on what agents can do: 289

their tool access, their autonomy level, their poten- 290

tial for misuse. What they overlook is how agents 291

communicate, and whether that communication 292

enables the collaborative reasoning that safe de- 293

ployment requires. Many policy violations at scale 294

trace to grounding breakdowns: agent and user 295

never established shared understanding of goals, 296

constraints, or intent (Zou et al., 2025; Kapoor 297

et al., 2025). When an agent books the wrong flight, 298

capability-centered evaluation asks whether the 299

agent used its tools correctly. Interaction-centered 300

evaluation asks whether the agent verified its in- 301

terpretation before acting and surfaced ambiguity 302

rather than resolving it silently. Governance frame- 303

works should require evidence of grounding be- 304

haviors, extending audits beyond action logs to 305

grounding history. 306
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Limitations307

This paper is intentionally conceptual rather than308

empirical. Our aim is to make a particular class309

of failures visible: those that arise when dialogue310

is treated as a thin interface instead of a form of311

joint action. We are not proposing a new system or312

attempting to benchmark existing ones, and for that313

reason we do not include large scale experiments or314

quantitative comparisons across architectures. The315

evaluation sketch we provide is meant as a diagnos-316

tic tool, a way to surface collaboration failures, not317

as a standardized benchmark.318

Other failure modes, such as long horizon mem-319

ory misalignment, perceptual grounding in mul-320

timodal settings, and strategic or adversarial dia-321

logue, are only touched on briefly or deferred to the322

appendix. Each of these raises its own set of chal-323

lenges and deserves a more careful treatment than324

is possible within a short paper. Lastly, our analy-325

sis assumes good faith collaboration. We treat dia-326

logue as a collaborative process. We do not address327

settings where agents or users are misaligned by328

design, such as persuasion, manipulation, or com-329

petitive multi-agent interactions. In those cases,330

dialogue behavior may reflect strategic incentives331

rather than breakdowns in shared understanding,332

and different theoretical and evaluative tools would333

be required.334
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System / Era Original Architecture Pipeline Topology Description Emergent Property

I. The Reference Architectures

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

U A

Joint State

User NLU DM NLG

Joint
State

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
(Ferguson and Allen,
1998; Bohus and Rud-
nicky, 2009)

NLU DM NLG User NLU DM NLG

Repair

TCP-like Reliability:
Explicit DM maintains state. The
"Repair" link allows handshakes.

Convergence:
22% latency reduction via turn-
taking repair (Bohus and Rud-
nicky, 2009).

ReSpAct / SpeakRL
(Dongre et al., 2025;
Acikgoz et al., 2025)

LLM Env

User

Act

Obs

Speak

User NLU DM NLG

Repair

Integrated Speech Act:
"Speaking" is a grounded action.

Proactive Grounding:
Clarifies instructions before act-
ing.

II. Computer-Using & Single Agents

OpenAI Operator
(OpenAI, 2025) VLM OS/Web

Click

Pixels

User NLU DM NLG

Self

Blocked

Broken Loop:
System loops with the OS, not
the User. DM is missing; acts on
raw intent.

Getting Stuck:
38.1% success on OSWorld (Xie
et al., 2024). Agents hand off
control when confused.

ReAct / Reflexion
(Yao et al., 2023; Shinn
et al., 2023)

LLM Env

Thought/
Action

Obs

User NLU DM NLG

Self

Blocked

Self-Looping:
Feedback comes from Observa-
tion (Env), not Repair (User). It
talks to itself.

Cascading Failure:
73% of failures stem from cas-
cades (Zhu et al., 2025b). Single
root cause in Planning/Reflection
propagates.

III. Multi-Agent Systems (Siloed)

MetaGPT
(Hong et al., 2024)

PM Eng QASpec User NLU DM NLG

Leak Siloed Monologue:
Waterfall SOP structure. No
shared memory between roles.

Coordination Failure:
14 failure modes identified in
MAST (Cemri et al., 2025)
(κ=0.88).

OpenAI Swarm
(OpenAI, 2024)

Ag.A Ag.B

Handoff
User NLU DM NLG

Bypass

Stateless Handoff:
Handoffs transfer control, not
context. No shared DM.

Fragmentation:
Context loss during handoff.
Minimal performance gains over
single agents (Cemri et al.,
2025).

IV. Embodied & Robotics (Bypassed)

Robotics VLA (RT2,
PaLM-e) (Brohan et al.,
2023; Driess et al., 2023)

Img

Txt
Transf. Motor

User NLU DM NLG

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

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

V. Optimization (Collapsed)

DPO / PPO
(Rafailov et al., 2023)

Prompt πθ

πref

L User NLU DM NLG

RM

Echo

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

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

Genetic Agents
(Fernando et al., 2024)

Pop Fit

Mut

User NLU DM NLG

Bypass Darwinian:
NLU → NLG mapping is
evolved. No runtime reasoning
exists.

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

Table 2: This table presents a comparative analysis of current conversational AI 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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