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Abstract001

Common ground plays a critical role in situ-002
ated spoken dialogs, where interlocutors must003
establish and maintain shared references to en-004
tities, events, and relations to sustain coher-005
ent interaction in a shared space and over time.006
With the increasing presence of embodied con-007
versational agents and social robots, the abil-008
ity to correctly ground this kind of conversa-009
tional content in order to refer back later also010
becomes important for dialog systems. Prior011
studies have demonstrated that LLMs are capa-012
ble of performing certain grounding acts like013
acknowledgments. However, relatively little014
work has investigated their capacity to lever-015
age the grounded information, like in complex016
scenarios involving space and time (e.g., "let’s017
go to that café near the park we went to yester-018
day"). To that end, in this work, we evaluate019
a model’s ability to establish common ground020
by utilizing these "relational references" in the021
dynamic and shared environments of situated022
dialogs. We then test multiple methods for rep-023
resenting common ground and further propose024
approaches to improve their performance.025

1 Introduction026

In dialog, common ground refers to the shared027

knowledge, beliefs, and assumptions that accumu-028

late between participants as a conversation pro-029

gresses (Clark and Schaefer, 1989). Conversational030

Grounding is the process of building and maintain-031

ing this shared understanding. While recent ad-032

vances in Large Language Models (LLMs) have033

demonstrated proficiency in performing certain034

grounding acts (Traum and Allen, 1994) such as035

acknowledging inputs for immediate context (Mo-036

hapatra et al., 2024b) - it remains unclear whether037

these behaviors represent genuine understanding038

or merely an “illusion of grounding”. This distinc-039

tion is critical: a system may mimic understanding040

through plausible acknowledgments, yet fail to uti-041

lize the information later effectively.042

Figure 1: An example of people referring back to the
common ground.

This challenge is amplified in dialogs that extend 043

over longer periods. As dialog history grows, sys- 044

tems must move beyond context windows and em- 045

ploy memory management techniques to retrieve 046

information from the established common ground. 047

In order to give the systems a true grounding abil- 048

ity, the acknowledged information must therefore 049

be represented and stored in a format that can be 050

utilized later on, regardless of the size of the dialog. 051

Its importance is particularly pronounced in spo- 052

ken situational dialogs (dialogs that operate in the 053

dynamic and shared environments) such as Embod- 054

ied Conversational Agents (ECAs) (Cassell et al., 055

2001) and Social Robots (Chen et al., 2025) where 056

the conversations can take place over multiple inter- 057

actions. To become effective collaborators, these 058

agents must be able to deploy information from 059

their ongoing and previous interactions. 060

This gives rise to three central research questions 061

that we address in this paper : 062

1. RQ1 Benchmarking: How do we measure 063

the capability of a dialog system to estab- 064

lish a persistent, usable, and useful common 065

ground? 066

2. RQ2 Representation: In real-world scenar- 067

ios where dialog history exceeds context win- 068

dow size, how well do commonly used com- 069

mon ground representations perform in this 070
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benchmark?071

3. RQ3 Improving Performance: Given the072

potential inadequacy of such representations,073

how can we improve our system’s grounding074

capabilities?075

Key Contributions and Findings:076

• Benchmarking Grounding Capabilities:077

Kruijt and Vossen (2022) demonstrated that078

in situated dialogs, people often refer to es-079

tablished common ground using references080

containing relations to specific properties, en-081

tities, or events. In this paper, we group such082

references under the rubric of ‘relational ref-083

erences’. To address RQ1, we thus propose084

that a system’s ability to resolve such com-085

plex relational references established through086

prior dialog can serve as a measure of its capa-087

bility to create persistent, useful, and usable088

common ground.089

For instance, in Figure 1, the user refers to090

the phone via the shop where it was bought.091

Such recall of entities often lack a unique ref-092

erence and could equally be described tempo-093

rally (e.g., first shop) instead of spatially (e.g.,094

shop next to the church). Without a ground-095

ing capability that establishes a persistent and096

informational common ground (whether in-097

ternal or external) that can be utilized later,098

a dialog system cannot successfully resolve099

these relational references.100

We validate Kruijt and Vossen (2022) by ex-101

amining two natural dialog corpora to iden-102

tify how humans leverage common ground,103

finding multiple examples of such complex104

relational references. Informed by this,105

we introduce a new evaluation benchmark,106

IndiRef. It moves beyond the immediate107

simple grounding acts such as acknowledg-108

ments and creates a benchmark to evaluate109

whether dialog systems can resolve complex110

references to the established common ground111

(e.g., “that restaurant next to the museum that112

we went to in New York”), a critical require-113

ment for effective long-term conversation in114

spoken situated dialog.115

• Evaluation of Current Techniques: To an-116

swer RQ2, we evaluate LLMs of varying sizes117

in both full-dialog context (as a baseline) and118

resource-constrained settings (mimicking real- 119

life longer conversations exceeding context 120

lengths of LLMs). Our experiments reveal 121

that standard LLMs struggle with relational 122

references in spoken situated dialogs, even 123

with full context. We also test the perfor- 124

mance of multiple commonly used common 125

ground representation techniques for resource- 126

constrained settings. However, they often per- 127

form worse than LLMs with full-context due 128

to their failure to capture the relationships be- 129

tween entities which are necessary for accu- 130

rate retrieval. 131

• Synthetic Data & RL Training: To address 132

RQ3, we identify a lack of multi-step reason- 133

ing capability for spoken dialogs in current 134

LLMs along with a scarcity of high-quality 135

training data. We develop a synthetic data gen- 136

eration pipeline and show that training models 137

on these data using Reinforcement Learning 138

(RL) improves their ability to handle complex 139

references. 140

By providing a benchmark to test the effective- 141

ness of the common ground established by the di- 142

alog system using relational references, exposing 143

the limitations of current techniques, and demon- 144

strating the efficacy of RL-based training using 145

synthetic data, this work provides a pathway to- 146

ward dialog systems capable of robust, situated 147

conversational grounding over time. 148

2 Related Work 149

Traum and Allen (1994) introduced the concept of 150

Grounding Acts (GAs) that represent fundamental 151

conversational moves like acknowledging or repair- 152

ing. Mohapatra et al. (2024b) showed that modern 153

LLMs can successfully perform some of these GAs 154

when the required context is limited to the last few 155

utterances. The practical challenges of connecting 156

these local grounding decisions to the long-term 157

maintenance of a coherent common ground remain 158

significant (Mohapatra et al., 2024a). 159

Earlier attempts to represent and manage the 160

common ground, such as Domain Reference the- 161

ory (Denis, 2010), were limited in nature due to 162

their reliance on rule-based approaches. Founda- 163

tional work has largely focused on structured, sym- 164

bolic approaches for task-oriented dialogs. Meth- 165

ods like Dialog State Tracking (DST) (Jacqmin 166

et al., 2022) and frame-based systems (Blache and 167
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Houlès, 2021) represent conversational context as168

slots and values, capturing the user’s goals and con-169

straints. While highly interpretable and effective170

for well-defined tasks, these approaches often lack171

the flexibility to handle the dynamic and unpre-172

dictable nature of long-term natural interactions.173

More flexible representations such as dynamic174

knowledge graphs (KGs) (Walker et al., 2022; Bu175

et al., 2025) have been proposed to model entities176

and their relationships as they emerge in conversa-177

tion. KGs allow for a richer, more interconnected178

model of context and can naturally handle entity-179

based references by linking mentions to nodes in180

the graph. However, a significant challenge arises181

in spoken dialogs where entities often lack a single,182

stable referring expression (e.g. ‘park next to the183

restaurant’ or ‘duck park’) or relation (e.g., ‘the184

room that has a TV’ and ‘TV is next to a table’185

implies ‘room has a table’).186

Neural memory architectures (Henaff et al.,187

2016; Rajendran et al., 2019; Wu and Yu, 2024)188

encode dialog history in distributed vector represen-189

tations. However, this "black-box" nature, makes190

it difficult to verify whether their conversational191

behaviors, such as acknowledgments, stem from a192

truly grounded understanding or pattern matching,193

especially, when there is an absence of an evalua-194

tion metric.195

Beyond tracking facts, a robust common ground196

representation requires modeling participant be-197

liefs and perspectives (Traum and Larsson, 2003;198

Schlangen and Skantze, 2009), necessitating a shift199

from state tracking to belief tracking. Further200

frameworks (Di Maro et al., 2021; Khebour et al.,201

2024; Qiu et al., 2024) have proposed to improve re-202

liability by verifying mutual understanding through203

the tracking of shared facts, evidence, and unre-204

solved information. However, they still fail to ad-205

dress the core representational challenge: handling206

entities with ambiguous references and resolving207

their mentions over time. Moreover, most common208

ground tracking research (Shridhar et al., 2020;209

Williams et al., 2019; Madge et al., 2025) has been210

conducted on the immediate conversational frame211

as compared to grounding over multiple events. Wu212

et al. (2025) offers a dataset for multi-session di-213

alogs but is devoid of complex relational references214

of situational dialogs.215

With the increasing use of LLMs in spoken di-216

alog systems, their finite context window poses217

a constraint on maintaining long-term conversa-218

tional memory. A common workaround is dia-219

log summarization, where models generate con- 220

cise summaries of past exchanges to be injected 221

into future contexts, enabling a personalized expe- 222

rience (Ramprasad et al., 2024). A more scalable 223

solution involves Retrieval-Augmented Generation 224

(RAG) (Lewis et al., 2020), which offloads the 225

entire dialog history to external memory. During 226

conversation, relevant excerpts are retrieved and 227

fed into the LLM’s context, a technique used to 228

maintain long-term persona memory in conversa- 229

tional agents (Shuster et al., 2021). However, they 230

have not been tested on their ability to resolve com- 231

plex relational references. Consequently, an effec- 232

tive common ground representation must maintain 233

information that is efficiently retrievable, dynami- 234

cally updatable, and capable of tracking participant 235

perspectives. 236

3 RQ1 : Benchmarking 237

To measure grounding beyond superficial acknowl- 238

edgment patterns, we turned to how humans lever- 239

age common ground. Inspired by Kruijt and Vossen 240

(2022), who showed that people frequently use re- 241

lational references to access shared knowledge, we 242

propose that a model’s ability to resolve such ref- 243

erences can serve as a robust metric for a model’s 244

grounding capabilities, one that can deal with di- 245

alogs where entities may not have a single, unam- 246

biguous referring expression. 247

To better understand the mechanisms of rela- 248

tional reference, we analyzed two dialog datasets 249

previously used in grounding research. The Meetup 250

dataset (Ilinykh et al., 2019) places two participants 251

on a 2D grid and tasks them with finding each other 252

despite only seeing their own locations. Success 253

in this setting depends on describing rooms, main- 254

taining a record of shared knowledge, modeling the 255

partner’s perspective, and clarifying ambiguities, 256

all of which are central challenges for grounding. 257

In contrast, the Spot the Difference (STD) (Lopes 258

et al., 2018) dataset involves two speakers, each 259

given slightly different images, who must coordi- 260

nate over an audio channel to identify discrepan- 261

cies. While Meetup provides a scenario closer to 262

real world situations for building common ground 263

and referring back to it, we also used STD as it pro- 264

vides a different context to help test the robustness 265

of our representation technique. Meetup corpus 266

contains 5131 utterances, and Spot the difference 267

contains 54 dialogs with 4934 utterances. 268

We manually analyzed each utterance in the di- 269

alog datasets to identify references to previously 270
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Phenomena
Dataset

Meetup Spot the difference

Temporal Reference 5 4

Spatial Reference 34 72

Comparative Reference 0 6

Attributive Reference 33 8

Inferred grounding 177 67

Table 1: Frequency of different reference types

mentioned entities (details in Appendix A). This271

analysis yielded a taxonomy of four primary cate-272

gories: 1) Temporal, referring to an entity by its273

order of appearance (e.g., "the Thai restaurant that274

we went to after watching Spiderman"); 2) Spatial,275

locating an entity relative to another (e.g., "the bot-276

tle on the table"); 3) Attributive, describing an en-277

tity by its intrinsic properties (is-a: "yellow house"278

or has-a: "sofa room"); and 4) Comparative, using279

a relative property (e.g., "bigger chair"). Further-280

more, we observed implicit grounding mechanisms281

akin to the "indirect acknowledgments" identified282

by Mohapatra et al. (2024a). We termed them in-283

ferred grounding, where participants ground in-284

formation that was implied rather than explicitly285

stated. For instance, when a navigator is asked by286

their partner whether they see a "pink towel" in287

their bathroom, that navigator also grounds the fact288

that their partner has visited a bathroom with a pink289

towel, later referring to it as "the bathroom with290

the pink towel that you had seen". The frequencies291

found from our analysis are presented in Table 1.292

Given the general difficulty of isolating specific293

phenomena within a limited number of spoken dia-294

log corpora (Allison et al., 2006; Crible, 2022), the295

identification of multiple occurrences in these two296

small datasets (though limited in number) offers297

evidence for the use of ‘relational references’ to298

refer back to established common ground.299

3.1 IndiRef data creation300

Our goal here is to extend beyond prior work to301

evaluate a model’s ability to establish a persistent,302

useful and usable common ground. This capability303

becomes critical given the finite context windows304

of LLMs, which necessitate the efficient storage305

and retrieval of shared information. To this end,306

we introduce IndiRef, a benchmark consisting of307

Question/Answer (Q/A) pairs where each question308

seeks information regarding an entity that is identi-309

fied via a relational reference.310

We focus on three primary reference types based311

on their conversational frequency in Table 1: Tem-312

poral, Spatial, and Attributive. We also used313

the fourth category inferred grounding, to specifi-314

cally probe the model’s understanding of implicit 315

grounding. As noted previously (Table 1), the nat- 316

ural density of these references in the Meetup and 317

STD datasets is low; therefore, we manually con- 318

structed 400 Q/A pairs (100 per category) to ensure 319

sufficient coverage and unambiguous answers. 320

Robustness: IndiRef is designed to be adver- 321

sarial to superficial heuristics. By taking dialogs 322

containing multiple entities of the same type (e.g., 323

containing several ‘sofas’), we force the model to 324

use the provided contextual reference (e.g., "color 325

of the sofa in the tv room" vs "color of the sofa 326

in the room in front of the bathroom") to dis- 327

ambiguate the target entity rather than relying on 328

simple keyword matching. A correct answer thus 329

serves as strong evidence of successful reference 330

resolution, indicating that the model was able to 331

ground the information properly in the first place. 332

Perspective: Additionally, the benchmark eval- 333

uates perspective-taking through the use of de- 334

ictics (Shopen, 1985). Questions are framed as 335

the final utterance of a participant, requiring the 336

model to respond as the interlocutor. This tests 337

the model’s ability to distinguish between “self" 338

and “other" within the shared context. For instance, 339

correctly answering "What was the color of the 340

sofa in the second house that I visited?" requires 341

the model to recall the information shared by the 342

questioner about their sequence of actions. How- 343

ever, this changes fundamentally if the question 344

replaces ‘I’ with ‘you’, which would require the 345

model to access shared information pertaining to 346

its own character’s experiences, thereby testing its 347

ability to maintain distinct perspectives within the 348

common ground. 349

The multi-dimensional nature of IndiRef pro- 350

vides a crucial metric to guide the development of 351

models capable of creating more robust and usable 352

common ground. For further details on benchmark 353

construction, illustrative examples, and our human 354

validation study that yielded an accuracy of 87.5%, 355

please refer to Appendix B. 356

4 RQ2 : Representation 357

4.1 Baseline - Full Dialog Context 358

To evaluate common ground representation capa- 359

bilities, we adopt a framework inspired by (Zhang 360

et al., 2025) utilizing three operators: Writer (W ), 361

Reader (R), and Generator (G). As a baseline, we 362

assess the LLM’s internal ability to ground context 363

by providing the full dialog history (ht) (contain- 364
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LLMs
Meetup Spot the difference

Temporal Spatial Attributive Inferred Temporal Spatial Attributive Inferred

Gemma2 - 2B 0.20 / 0.18 0.18 / 0.16 0.24 / 0.26 0.26 / 0.16 0.18 / 0.12 0.18 / 0.10 0.20 / 0.12 0.16 / 0.10

Llama3.1 - 8B 0.38 / 0.32 0.46 / 0.38 0.46 / 0.44 0.20 / 0.20 0.40 / 0.38 0.30 / 0.32 0.36 / 0.36 0.26 / 0.16

Gemma2 - 9B 0.48 / 0.38 0.50 / 0.46 0.38 / 0.40 0.26 / 0.18 0.34 / 0.20 0.24 / 0.16 0.28 / 0.16 0.20 / 0.10

Gemma2 - 27B 0.50 / 0.44 0.58 / 0.56 0.48 / 0.44 0.28 / 0.26 0.40 / 0.30 0.28 / 0.20 0.32 / 0.26 0.26 / 0.12

Qwen QwQ - 32B 0.38 / 0.32 0.52 / 0.38 0.44 / 0.40 0.40 / 0.40 0.42 / 0.34 0.26 / 0.22 0.26 / 0.20 0.28 / 0.20

Table 2: FEM (↑) / LLM-as-Judge (↑) accuracy for baselines where the entire dialog history is used as the context to
answer the question. Best results in bold.

LLMs
Meetup Spot the difference

Temporal Spatial Attributive Inferred Temporal Spatial Attributive Inferred

Full Dialog [from Table 2] 0.38 / 0.32 0.46 / 0.38 0.46 / 0.44 0.20 / 0.20 0.40 / 0.38 0.30 / 0.32 0.36 / 0.36 0.26 / 0.16

Summarisation 0.32 / 0.28 0.34 / 0.26 0.30 / 0.25 0.28 / 0.18 0.22 / 0.16 0.24 / 0.16 0.34 / 0.26 0.20 / 0.12

Chunking (NV-Embbed-V2) 0.24 / 0.20 0.08 / 0.06 0.16 / 0.08 0.22 / 0.24 0.02 / 0.02 0.04 / 0 0.06 / 0.02 0.12 / 0.08

Chunking (BM25) 0.26 / 0.24 0.20 / 0.16 0.20 / 0.18 0.24 / 0.26 0.04 / 0 0 / 0 0.10 / 0.08 0.12 / 0.10

Agentic Ontology-based 0.40 / 0.36 0.38 / 0.34 0.38 / 0.30 0.24 / 0.22 0.20 / 0.14 0.12 / 0.14 0.20 / 0.24 0.18 / 0.14

Table 3: FEM (↑) / LLM-as-Judge (↑) accuracy for various representations using Llama 3.1 8B. Best in bold.

ing the speaker information, utterances, and the365

time stamps) and tasking them with generating a366

response (ut+1) to a question in the preceding utter-367

ance. We test a range of open-weight instruction-368

tuned models: Gemma2 (2B, 9B, 27B)(Gemma,369

2024), Llama 3.1 8B(Llama, 2024), and reasoning-370

focused Qwen-QWQ-32B (Qwen, 2025). In this371

setup, W appends each new utterance to the history,372

R provides the entire history to the model, and G373

produces the subsequent utterance.374

W (ht−1, ut−1) = ht; R(ut) = ht; G(ht, ut) = ut+1375

4.2 Resource Constrained Setting376

As dialogs extend over time, retaining the complete377

interaction history becomes prohibitive in terms of378

context window, computation and inference latency.379

Although the IndiRef dataset fits within modern380

LLM context windows, we artificially restrict con-381

text access to simulate the ‘longer context’ scenar-382

ios required for persistent agents. Despite lacking383

extreme temporal length, the underlying corpora of384

IndiRef, particularly the Meetup dataset, offer a385

critical testing ground because of their fragmented386

context i.e., speakers discuss and recall information387

exchanged across different contexts(rooms in this388

case) as the conversation progresses. Under our389

restricted context settings, this dynamic effectively390

simulates the episodic transitions of long-term in-391

teractions, forcing the model to resolve references392

that lie outside the immediate context window.393

We compare three commonly used methods394

for representing common ground under these con-395

straints: summarization, utterance chunking, and396

ontology creation.397

Summarization: A method shown by Padmaku- 398

mar et al. (2023) to be a highly effective represen- 399

tation of open-dialog context for transformer-based 400

models. Its utility is further underscored by its 401

adoption in modern LLM chatbots for personal- 402

ization (Zhang et al., 2024) by summarizing each 403

session separately. In this scheme, W creates a 404

summary (st) of the whole dialog, which is stored, 405

retrieved by R, and used by G to form the next 406

utterance. 407

W (st−1, ut−1) = st; R(ut) = st; G(st, ut) = ut+1 408

Utterance Chunking: Our first method to ex- 409

plicitly group information to enhance retrieval. 410

Here, W segments the dialog into overlapping 411

chunks of utterances (ci). For our experiments, 412

we define a chunk as seven utterances with a stride 413

of three to ensure informational continuity. R then 414

retrieves the top three chunks most relevant to the 415

user’s utterance by matching its embedding against 416

the embeddings of each chunk. To isolate the per- 417

formance of this structural approach, our Reader 418

only uses the embeddings of the concatenated utter- 419

ances within a chunk, and does not use additional 420

embeddings of chunk summaries as done by (Wu 421

et al., 2025). To better understand how embed- 422

dings affect the retrieval of important context, we 423

tested two types of embedders: a sparse model 424

(BM25 (Robertson et al., 1994)) and a dense model 425

(NV-Embed-V2 (Lee et al., 2024)). 426

W (ht−1, ut) = [c1, . . . , ci]

R(ut+1) = topk

(
sim(e(ut+1), [e(c1), . . . , e(ci)])

)
G(ut, [c1, . . . , ck]) = ut+1

427

Ontology: We use an agentic approach which 428

investigates the use of an ontology (O) to create a 429
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structured common ground. The Writer (W ) pro-430

cesses dialog chunks to extract key entities, as-431

signing each a unique id and mapping its proper-432

ties, inter-entity relations and source speaker as a433

proxy for estimating each speaker’s belief. This434

rich structure enables complex relational reason-435

ing (e.g., if ‘place A has object b’ and ‘b is kept436

on top of c’, then ‘A also has c’). To preserve437

temporal context, W also maintains a chronologi-438

cal log of events, which includes the involved en-439

tity IDs and speakers, serving as a primary index440

for querying. Given this highly structured knowl-441

edge, R uses a multi-step query process to retrieve442

and process information before sending it to G. It443

first decomposes the user’s request into a series444

of sub-queries (q), each prefixed with a command:445

RAG[n], Process, or Final. A RAG[n] query446

retrieves the top-n relevant contexts (c) from the447

extracted common ground. Here n is also gener-448

ated by the LLM. A Process query then performs449

operations on this retrieved data, such as filtering or450

selecting specific items. The final retrieved context451

and the Final query are passed to G to synthesize452

the final answer. All operations are implemented453

using langchain (Chase, 2022) for the vectorstore454

and NV-Embed-V2 for embedding generation.455

W (Ot−1, ut−1) = Ot456

R(ut) = [q1....qm]457

R(qi, Ot, ci−1) = ci458

G(qm, cm−1) = ut+1459

460
4.3 Evaluation461

To comprehensively evaluate performance, we em-462

ploy a Fuzzy Exact Matching (FEM) metric. For463

each question, an answer is considered correct if it464

contains a predefined keyword or phrase. Recogniz-465

ing that keyword presence alone may not guarantee466

accuracy, we also incorporate an LLM-as-a-judge467

approach (Zheng et al., 2023). A Qwen2.5-32B-468

Instruct (Yang et al., 2024) model, provided with469

the question and both the correct and generated470

answers, determines correctness based on semantic471

equivalence. Crucially, dialog context was inten-472

tionally excluded from the LLM’s input to ensure473

its judgment focuses solely on the answers’ se-474

mantic similarities. Since the relational references475

point to only one correct referent, the overall per-476

formance for both fuzzy matching and the LLM-477

as-a-judge approach was quantified using accuracy.478

To validate the reliability of our automated judge,479

we conducted a human evaluation on a subset of480

answer pairs. We observed a 90% agreement rate,481

demonstrating a strong alignment between human 482

and LLM judgments (details in Appendix C). 483

Table 2 presents the performance of various 484

LLMs when provided with the full dialog con- 485

text. For Meetup, results indicate that model 486

performance improves with increasing size, with 487

Gemma2-2B consistently exhibiting the lowest ac- 488

curacies across all categories. The relative perfor- 489

mance of Fuzzy Matching and LLM-as-a-judge 490

remains consistent across models. Slight varia- 491

tions occur when Fuzzy Matching scores differ 492

due to longer answers with multiple entities or 493

alternate representations (e.g., digits vs. words). 494

Surprisingly, Gemma2-27B emerges as the top per- 495

former across all evaluated models, outperforming 496

even Qwen-QWQ which is a slightly larger model 497

specifically trained for enhanced reasoning. Fur- 498

ther analysis of Qwen-QWQ’s responses revealed 499

difficulties in logical reasoning and frequent hal- 500

lucinations(Appendix; Figure 12), potentially at- 501

tributable to a scarcity of spoken dialogs in its train- 502

ing data. Despite this, Qwen-QWQ excelled in in- 503

ferred grounding questions, a category where other 504

models performed poorly, underscoring the critical 505

role of reasoning for grounding implicit informa- 506

tion. It also had better fuzzy exact match scores due 507

to its verbose nature. However, in STD, Gemma 508

models underperformed compared to Llama. We 509

hypothesis that the longer dialog context in STD 510

as compared to Meetup helped Llama which uses 511

RoPE over Gemma which uses sliding window at- 512

tention. Furthermore, the models demonstrated 513

significant limitations in differentiating between 514

speaker perspectives (e.g., ‘your’ vs ‘mine’) and 515

in isolating information conveyed by individual 516

speakers, often resulting in the erroneous merg- 517

ing of conversational content. It is critical to note 518

that none of the baselines achieved an accuracy 519

exceeding 50% across all the categories. 520

Table 3 details the performance of various 521

resource-constrained representation techniques. 522

Due to space constraints, we primarily report re- 523

sults for the Llama3.1-8B model; results for the 524

Gemma2 2B and 9B models are provided in Ap- 525

pendix F. The general trend across all models re- 526

mained consistent. We did not test larger mod- 527

els due to resource limitations. All the repre- 528

sentation techniques yielded poorer performance 529

compared to the baseline, a likely consequence 530

of information loss during the extraction of rel- 531

evant information. We noticed that sparse em- 532

bedding (BM25) demonstrated a slight advan- 533
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LLMs
Meetup Spot the difference

Temporal Spatial Attributive Inferred Temporal Spatial Attributive Inferred

Original Setting [Table 2] 0.38 / 0.32 0.46 / 0.38 0.46 / 0.44 0.20 / 0.20 0.40 / 0.38 0.30 / 0.32 0.36 / 0.36 0.26 / 0.16
In-Context Learning 0.60 / 0.56 0.58 / 0.54 0.62 / 0.58 0.42 / 0.34 0.48 / 0.52 0.48 / 0.40 0.52 / 0.54 0.36 / 0.44

GRPO Trained 0.58 / 0.52 0.66 / 0.54 0.62 / 0.60 0.46 / 0.42 0.52 / 0.54 0.48 / 0.42 0.56 / 0.58 0.38 / 0.42

Table 4: FEM (↑) / LLM-as-Judge (↑) accuracy on entire dialog history for enhanced Llama 3.1-8B. Best in bold.

Figure 2: Pipeline for the synthetic data generation involving three main phases: (1) Grounded World Generation,
creates the factual basis of the scenario; (2) Dialog Synthesis, where LLM generates conversation constrained by
the script; and (3) Q/A Synthesis, which extracts and formats question-answer pairs for training.

tage over dense embedding, which may be at-534

tributed to its enhanced capability in named-entity535

retrieval. The agentic ontology-based system out-536

performed other resource-constrained representa-537

tion techniques. While it performed relatively well538

on the Meetup dataset, it struggled with the STD539

dataset, often merging the representations of im-540

ages of both participants due to their similarity.541

However, its better performance suggests that a542

multi-step retrieval process, particularly one that543

explicitly extracts speaker-specific information re-544

garding entities and events, helps the LLM under-545

stand the context better.546

5 RQ3 : Improving Performance547

Error Analysis of the thinking tokens from baseline548

models indicated that they primarily struggled to549

link references to entities requiring multi-hop rea-550

soning. Despite general advancements in reasoning551

capabilities, our findings showed that LLMs con-552

tinue to face significant difficulties within situated553

dialog settings. Further, a significant challenge lies554

in their understanding of overlapping information555

from multiple speakers, preventing the construc-556

tion of a reliable grounding representation. Thus,557

our initial research focused on enhancing the per-558

formance of baseline models leveraging the entire559

dialog history. We implemented In-Context Learn-560

ing (Dong et al., 2022) by augmenting the input561

prompts with examples for each reference type to562

instruct the LLMs on how to accurately ground the563

context within the dialogs. The prompts (see Ap-564

pendix G) were further enriched with explicit guid-565

ance on decoupling the information contributed by566

each speaker, unless a common entity was being567

discussed. As shown in Table 4, this resulted in 568

a significant improvement in LLM performance 569

across all categories in both datasets. These find- 570

ings indicate that enhanced prompt design can sub- 571

stantially improve the models’ comprehension of 572

spoken conversations, a critical prerequisite for ef- 573

fective grounding. 574

To enable the model to develop inherent ground- 575

ing capabilities applicable to diverse settings, we 576

used reinforcement learning to improve the model’s 577

multi-hop reasoning capability. We used Group 578

Relative Policy Optimization (GRPO) (Shao et al., 579

2024) to train the model to identify the important 580

context by providing positive rewards for each ac- 581

curate response. A primary challenge was the ab- 582

sence of suitable training data for situational spo- 583

ken dialogs. Thus, we generated synthetic data to 584

resolve data scarcity. This approach not only re- 585

solved data scarcity but also facilitated arbitrary 586

scaling, fine-grained control over domains, and im- 587

proved coverage of edge cases. 588

5.1 Synthetic Data 589

Given that off-the-shelf LLMs lack proficiency in 590

spoken dialog, we designed a systematic, multi- 591

phase synthetic data generation framework with 592

an "environment-first, dialog-later" approach. In- 593

spired by procedural content generation (Smith, 594

2015) and recent advances in synthetic dialog gen- 595

eration (Suresh et al., 2025), our framework is en- 596

gineered to produce a grounded situated dialog 597

corpus. The process is structured into three phases 598

as shown in Figure 2: 599

Grounded World Generation: First, a rich and 600

verifiable simulated ‘world’ is programmatically 601

constructed, starting from a list of places and re- 602
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LLMs
Meetup Spot the difference

Temporal Spatial Attributive Inferred Temporal Spatial Attributive Inferred

Without GRPO training [Table 3] 0.40 / 0.36 0.38 / 0.34 0.38 / 0.30 0.24 / 0.22 0.20 / 0.14 0.12 / 0.14 0.20 / 0.24 0.18 / 0.14
With GRPO training 0.48 / 0.46 0.44 / 0.42 0.52 / 0.44 0.36 / 0.38 0.20 / 0.24 0.22 / 0.28 0.28 / 0.32 0.16 / 0.20

Table 5: FEM (↑) / LLM-as-Judge (↑) accuracy for agentic ontolgy-based representation after GRPO training.

lated objects previously generated (see Appendix603

D). Two algorithmic navigators explore this world,604

and their experiences are logged to establish the605

spatio-temporal ground truth (i.e., what they saw,606

where they went, etc.) that we can then split into607

smaller chunks, where Cm,j is the chunk for the608

mth visited place by the jth navigator.609

Dialog Synthesis: We then synthesize dialogs610

where the two navigators describe their locations611

to find each other. Dialogs are constrained by the612

rules and facts of the created world. A program-613

matic Script Creator synchronizes the chunks of614

the two Navigators and generates the script for the615

LLM to follow, thus generating dialog segments616

based on the event logs. In this way, we rely on617

the Script Creator for the ‘reasoning’ part of the618

task (i.e., noticing similarities, addressing ambi-619

guities, resolving references, etc), while the LLM620

focuses on constrained Utterance Generation. This621

generation process is iterative and considers the622

previously generated utterances for cohesiveness.623

Q/A Synthesis: The final stage automatically624

identifies scenarios to generate accurate Question-625

Answer (Q/A) pairs requiring complex reference626

resolution. The process is deterministic: a fact is627

preselected from the Ground Truth as the ‘expected628

answer’, and the LLM is prompted to generate a629

question, constrained to the context, that elicits this630

specific answer. These are designed to probe vari-631

ous aspects of common ground, including spatial,632

temporal, and relational facts, and undergo a strict633

validation process. We generated ∼ 600 Q/A pairs634

from various synthetic dialog scenarios.635

Table 4 demonstrates that reinforcement learn-636

ing on the synthetic data improved model accuracy637

by 15-20% not only on the Meetup dataset (which638

closely resembles the training data), but also on639

the Spot-the-Difference dataset. This indicates that640

the models successfully acquired the underlying641

concepts needed to resolve such relational refer-642

ences to the common ground. We note that for643

the incorrect responses, the models would often644

reason in the right direction but then hallucinate645

while providing the final answer. We expect this646

to improve with larger models but, due to lack of647

computational resources, we did not train on them.648

To assess whether the enhanced contextual un- 649

derstanding of GRPO-trained models improves 650

their representational capabilities, we applied the 651

agentic ontology-based representation using the 652

same GRPO-trained model trained on synthetic 653

Q/A pairs, given its promising results in earlier 654

experiments. As shown in Table 5, the GRPO- 655

trained model outperformed its non-GRPO coun- 656

terpart on the Meetup dataset but continued to strug- 657

gle with the Spot-the-Difference dataset. The main 658

issue concerned representing the two images as 659

distinct within the common ground, as the models 660

frequently merged them due to their high degree 661

of similarity. While more carefully designed task- 662

specific prompts could improve performance, these 663

would limit generalizability. Thus, our findings fall 664

short of our broader goal: developing a universal 665

model for a persistent and useful common ground 666

representation capable of resolving complex rela- 667

tional references to it while relying only on spoken 668

utterances and minimal contextual descriptions. 669

6 Conclusion and Future Work 670

In this work, we used relational references to mea- 671

sure the capability of a dialog system to establish 672

a persistent and useful common ground by devel- 673

oping the IndiRef benchmark. While our base- 674

lines with full dialog context struggled to consis- 675

tently achieve an accuracy of 50%, models mimick- 676

ing resource-constrained settings performed even 677

worse. Our experiments showed that both in- 678

context learning and GRPO training with synthetic 679

data improved an LLM’s ability to resolve rela- 680

tional references from the full dialog history. The 681

same GRPO-trained models moderately also en- 682

hanced common ground extraction for long-term 683

use in agentic setups due to better multi-step reason- 684

ing. However, inconsistent performance highlight 685

the need for more robust representation methods. 686

For future work, while our study focused on in- 687

terpretable textual representations of the common 688

ground, exploring more efficient parametric meth- 689

ods is a promising direction. We believe that our 690

benchmark and proposed methods provide a solid 691

foundation for advancing research into more robust 692

common ground representation in dialog agents. 693

8



Limitations694

Certain limitations offer avenues for future re-695

search. First, the dataset used for our test cases,696

while selected to approximate spontaneous spoken697

dialog, has inherent constraints. The ideal dataset698

would comprise spontaneous, multi-session spoken699

dialogs. The logistical challenges in acquiring such700

data necessitated the use of two specialized dia-701

log corpora, Meetup and Spot the Difference that,702

while effective in providing a range of grounding703

phenomena through a game-based framework, may704

not entirely capture the nuances of spontaneous705

multi-topic and multi-session human interaction.706

Although the corpora may lack the full breadth707

of really long conversation, the dataset used for708

our corpora, especially Meetup, provides a critical709

testing ground by featuring fragmented context i.e.710

speakers discuss and recall information exchanged711

in previously visited simulated environments (dif-712

ferent rooms), effectively mimicking the transition713

between distinct contexts. A resource-constrained714

setting using such dialogs thus allows us to rigor-715

ously test how different grounding representations716

sustain performance under such fragmented context717

constraints which are also inherent to long-term,718

multi-session interactions.719

Second, due to computational resource limita-720

tions, our empirical evaluation was restricted to the721

8-billion parameter Llama 3.1 instruction-tuned722

model especially for the GRPO-based training. A723

central hypothesis in current NLP research is that724

increasing model scale can reduce issues like hal-725

lucination. While we conjecture that our findings726

would benefit from this effect, validating this hy-727

pothesis was beyond the scope of our resources.728

A valuable direction for future work would be to729

replicate and extend our experiments using larger730

models.731

Lastly, while our test cases provide a solid foun-732

dation for testing the model’s ability to use estab-733

lished common ground, they do not comprehen-734

sively test it’s capacity to handle ‘assumptions’ and735

‘beliefs’. These deeper cognitive elements, while736

tilting towards theory of mind research, are still737

essential for robust conversational grounding and738

present a clear direction for future investigation.739
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A Conversational Data Analysis 986

The reference analysis in our conversational data 987

was conducted through an iterative annotation pro- 988

cess involving three independent raters with a back- 989

ground in Natural Language Processing. As we 990

wanted to inductively discover the reference typol- 991

ogy, we did not start with a pre-defined schema. 992

Hence, the methodology was executed in multiple 993

phases: We first took a few dialogs and each per- 994

son marked the phrases of ’relational’ references 995

independently where we used the term ’relational 996

reference’ to group a reference to an entity or an 997

event using associated contextual information, such 998

as time, space, interlocutor identity etc. After this 999

process, we did an Inter-rater reliability on the ref- 1000

erence phrases discovered by the three annotators. 1001

On achieving a Krippendorff’s Alpha of 0.84, we 1002

annotated such reference phrases for the rest of 1003

the corpora. Once completed, we grouped the ref- 1004

erence phrases manually and named each of the 1005

phrases. This led to the specific relational refer- 1006

ence groups discussed in the paper i.e. Spatial, 1007

Temporal, Comparative, Attributive and Indirect. 1008

B Benchmark Creation 1009

The creation of our test cases involved an initial 1010

selection of 50 dialogs per category from both 1011
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datasets. The authors of this paper then under-1012

took the task of creating question/answer pairs that1013

contained relational references to entities within1014

the established common ground of each dialog. A1015

key methodological consideration was the exclu-1016

sive use of conversational data to formulate these1017

questions. This approach ensures that the com-1018

mon ground is derived solely from the information1019

discussed, rather than any external knowledge in-1020

dividual participants may have from the images1021

they viewed. For validation, the benchmark was1022

evaluated by 10 volunteers with expertise in Nat-1023

ural Language Processing. These volunteers were1024

provided with the dialogs and asked to answer the1025

corresponding questions. We randomly selected1026

10% of test cases from each category for this vali-1027

dation process and each test case was provided to1028

two volunteers. We then checked the accuracy of1029

the answers from the human evaluators using the1030

gold answers of the benchmark. The accuracy rate1031

of 87.5% affirmed the correctness of our question-1032

answer pairs in the benchmark. Since no human1033

evaluator pair received more than one question, we1034

didn’t calculate the inter-rater reliability between1035

them. However, we would like to mention that we1036

didn’t find a single case where both the annota-1037

tors got the answer wrong(i.e. different from gold1038

answer). Thus the 87.5% accuracy refers to the1039

fact that the pairs agreed with each other on 87.5%1040

of the instances. A subsequent error analysis in-1041

dicated that the mistakes were a result of human1042

error where they missed the mention of certain in-1043

formation.1044

Illustrative examples for each test case category1045

are provided in Figures 3, 4, 5, and 6. Specifically,1046

we present two examples (Spatial and Temporal)1047

from the Spot the Difference dialogs and two ex-1048

amples (Attributive and Inferred) from the Meetup1049

dialogs. In these figures, we have highlighted the1050

essential segment of the dialog containing the an-1051

swer (in purple) to the question (in violet). We also1052

provide the keywords needed for the exact match1053

analysis.1054

As can be seen in the examples, our questions1055

are always regarding an object that has multiple1056

instances with different properties. For example,1057

Figure 3 provides an example of inferred ground-1058

ing, where, while A asks B if his child’s room has a1059

teddy bear, B says no. This should ground two facts1060

- A’s room has a teddy bear while B’s room doesn’t.1061

However, in the question, A asked about his child’s1062

room. This should have made B answer about A’s1063

room but since in the original dialog, the answer 1064

to the question is ‘nope’, our models generally pro- 1065

vide a negative answer. ‘...’ in our figures indicate a 1066

time gap between the chunk of utterances as can be 1067

seen in Figure 6 where we have a gap from the time 1068

[02:21] till [10:45] and again till [12:04]. Figure 6 1069

references a white cloud mentioned in preceding 1070

images, yet the question is specifically directed at 1071

the final image. 1072

[00:15] B: hello

[00:29] B: I’ve found a child’s room.

[00:31] A: i am in a child

[00:34] A: ’s room too

[00:42] A: blue comforter and teddy bear?

[00:43] B: nope.

[00:48] B: There are two beds. with a pur-
plish mattress, and a biege comforter across
each

[00:57] A: oh i can look for that one

[01:03] B: okay.

[01:14] B: there’s also a set of pink and
white towels hanging by the foot of the bed

[02:01] B: there’s a small white nightstand
between them, with a little lamp on it.

[02:01] B: I’m heading to a new location.

[02:01] A: i am in the bathroom

[02:12] A: where are you at?

[02:16] B: I’m outside. Let’s move around
a bit.

[02:21] A: k

...

[08:23] A: Was there a teddy bear in that
child’s room that I visited?

B: Yes there was

Exact Match: Yes

Figure 3: Test example for inferred grounding from
Meetup dataset
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...

[02:37] A: I am in the basement

[02:37] B: I’m in a basement.

[02:49] B: Mine has a white staircase

[02:54] A: No

[03:03] A: mine has wooden stair case

[03:21] B: Mine has a leather chair. Should
I try to move towards you?

[03:35] A: Sure

[03:37] B: Wooden? What else?

[03:53] A: water heater and washer and
dryer

[04:08] A: a plastic chair and a screen door

[04:08] A: I’m heading to a new location.

[04:08] A: I have found a staircase

[04:34] A: The staircase is on my right and
there is a hallway in front of me

[04:58] A: Find it?

[05:01] B: found the staircase

[05:15] A: is it the one with the hallway in
front of you?

[05:27] B: it is to my east

[05:30] A: and the staircase on the right?

[05:38] B: its on my left

[05:53] A: We’re not at the same staircase

...

[07:12] B: What was the material of the
chair present in the white staircase base-
ment?

A: It was a leather chair.

Exact Match: leather

Figure 4: Test example for attributive grounding from
Meetup dataset.

...

[09:45] A: Okay I see.

[09:46] A: Two sharks on the right top

[09:49] A: of the image.

[09:50] A: They are blue

[09:51] A: and gray.

[09:52] A: Or

[09:52] A: another kind of blue.

[09:53] B: The one below.

[09:55] A: Yes.

[09:56] B: In my

[09:57] B: picture it’s green, the one on the
top is blue. Which color did you say it was
yours?

[10:01] A: They are both blue and

[10:03] A: gray.

[10:03] B: Okay.

[10:04] B: The down one in mine is green.

[10:07] A: Okay.

[10:08] A: They are facing the right.

[10:10] B: Correct.

[10:10] A: Okay and they have

[10:12] A: two fins.

[10:15] B: Two.

[10:16] A: Fins.

[10:16] B: Yes.

[10:17] A: aa so below the sharks I have
three yellow

[10:21] A: octopuses.

[10:23] B: I have two.

...

[19:02] A: What were the colors of the ani-
mals right above the octopuses in my image?

B: There were blue and gray sharks above
the octopuses in your image.

Exact Match: blue and gray

Figure 5: Test example for spatial grounding from Spot
the difference dataset
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...

[02:11] B: Ahan.

[02:11] A: <ahm>

[02:12] A: To the left there is a cloud a gray
cloud with raindrops underneath.

[02:18] B: Oh so it’s a white cloud.

[02:21] A: Yeah.

[02:21] B: And there’s no rain drops.

[02:21] A: Okay.

...

[10:45] A: Let’s switch to the next image
now.

...

[12:04] A: Okay and up in the sky to the
right there’s <aa> three clouds.

[12:09] B: I have four.

[12:10] B: <ahm>

[12:10] A: Okay.

[12:11] B: Two big ones on the right and
two little ones <on the> on the left and upper
side.

[12:17] A: Okay I have three ones and

[12:21] A: I have <aa> the the small one is
<aa> above the two big ones.

[12:27] B: <ahm>

[12:28] B: Okay <ahm>.

...

[14:07] B: Do you remember the number
of clouds in my last image?

A: You had four clouds.

Exact Match: four

Figure 6: Test example for temporal grounding from
Spot the difference dataset

C LLM-As-A-Judge Effectiveness 1073

To validate the reliability of our automated eval- 1074

uator (LLM-as-a-Judge), we conducted a human 1075

evaluation study. We recruited 10 participants with 1076

a mixed background in Natural Language Process- 1077

ing, Cognitive Science and Neuro-Science. Each of 1078

them annotated a distinct set of 4 samples, resulting 1079

in a total evaluation set of N = 40 instances. Par- 1080

ticipants were presented with a question, the gold 1081

reference answer, and the model-generated answer. 1082

They were instructed to determine whether the gen- 1083

erated answer possessed the semantic equivalence 1084

of the gold answer. Treating the human annota- 1085

tions as ground truth, we calculated the accuracy 1086

of the LLM-Judge which achieved an accuracy of 1087

90% (36/40 matches with human judgment). It 1088

demonstrated a strong alignment between human 1089

and LLM judgements. Upon conducting a quali- 1090

tative error analysis on the discrepancies, we ob- 1091

served that the LLM-Judge occasionally exhibits 1092

excessive leniency. It tends to overlook specific 1093

attribute mismatches if the core object class aligns. 1094

For example, given the question “What is on the 1095

table?”, if the gold answer is blue bottle” and the 1096

generated answer is “red bottle,” the LLM may 1097

classify them as equivalent because both refer to 1098

a bottle, thereby ignoring the color hallucination. 1099

However, the high accuracy of LLMs as judges 1100

indicated their good overall performance that made 1101

us use them as automatic evaluators. 1102

D Synthetic Data Generation 1103

We expand upon the Synthetic Data generation pro- 1104

cess to offer a comprehensive understanding of the 1105

framework’s design and operation. The core ob- 1106

jective of this generation process extends beyond 1107

mere factual accuracy to the creation of dialogs 1108

that are inherently spoken-like and situational. We 1109

specifically design the framework to model the 1110

complex dynamics of conversational grounding, 1111

where participants actively establish and maintain 1112

mutual understanding of entities and facts. This 1113

is achieved by programmatically incentivizing and 1114

modeling real-world conversational phenomena, in- 1115

cluding high volumes of back-and-forth exchanges, 1116

frequent backchanneling (e.g., "uh-huh," "yeah"), 1117

and explicit affirmations or clarifications of shared 1118

knowledge. By ensuring the agents are constantly 1119

listening to and reliably building upon each other’s 1120

words, the resulting corpus aims to a deeper, more 1121

reliable form of collaborative communication. 1122
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Figure 7: A visualization of a full_scenario. Unique objects, with their IDs, are crafted to have similar
characteristics to induce ambiguity that has to be resolved. The ambiguity can arise from a navigator’s experience
alone (intrapair) or for their experience combined (interpair). Each chunks (Cm,j) is delimited by the densely
dotted lines.

D.1 Grounded World Generation1123

The environment is not a simple random collec-1124

tion of items; it’s built from a structured taxonomy1125

(see Figure 7). The process starts with a curated1126

list of abstract places, like festival grounds or1127

historic museum. For each place, we have gener-1128

ated inventories of objects and edges (paths). Ob-1129

jects are coherent with the place and highly detailed1130

with properties and relations to other objects. This1131

granular data provides the raw materials for a rich,1132

fact-based world.1133

The simulation is a time-series event logger.1134

Once a place is selected and populated with ob-1135

jects, two non-sentient virtual navigators are placed1136

within it. The system then simulates their move-1137

ment, creating a full_scenario file that logs their1138

‘trajectories’ over a set time span. This file is the1139

definitive ground truth, recording what each nav-1140

igator ‘sees’, their paths, and their arrival/depar-1141

ture times. This detailed record ensures that every1142

piece of information later referenced in the dialog1143

is verifiable. The continuous Ground Truth is then1144

partitioned into smaller chunks (Cm,j), where j de-1145

notes the navigator and m denotes the index of the1146

visited location P (or time segment).1147

D.2 Dialog Synthesis 1148

A programmatic "Script Writer" acts as the link 1149

between the simulated world and the LLM. It takes 1150

the structured information from a time segment, 1151

algorithmically ‘reasons’ over it, and converts this 1152

into a "script" prompt for the LLM to “perform” 1153

like an actor. This pre-processing is key to of- 1154

floading the reasoning burden from the LLM. For 1155

example, the model will directly receive something 1156

like Listing 1. 1157

Listing 1: Example of a Cm,j chunk for the LLM
1158

"place_type": "bakery production facility", 1159
"time_span_s": [175, 212], 1160
"navigator_A": { 1161

"name": "Michael", 1162
"zone_type": "packaging and storage zone", 1163
"status": "arrived & departing", 1164
"arrived_from": "office area connection", 1165
"objects_to_mention": [ 1166

{"type": "packaging machine"}, 1167
{ 1168

"type": "label applicator", 1169
"property": "wipe-on", 1170
"relation": "holding", 1171
"reference": "label roll holder" 1172

}, 1173
{"type": "delivery cart"}, 1174
{"type": "refrigeration unit"} 1175

] 1176
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}1177
... //continues11781179

The Script Creator systematically introduces1180

complexity to the dialog (i.e., noticing similarities,1181

addressing ambiguities, etc.) This includes gener-1182

ating sentences that reference objects seen by the1183

other navigator (indirect reference) or that require1184

a deeper understanding of the shared context.1185

Listing 2: ‘Reasoned’ part by the Script Writer
1186

... //continues1187
"current_observer": {1188

"name": "Michael",1189
"full_details_of_what_Michael_is_seeing": {1190

"type": "delivery cart",1191
"property": "fixed axle",1192
"relation": "secured by",1193
"reference": "securing strap"1194

},1195
"ask_question_about": "Michael asks about a1196
delivery cart seen before by Kenneth",1197
"to_avoid_in_question": "**Michael does NOT1198
ask about specific properties that only1199
Kenneth has seen.**"1200

},1201
"to_discuss_with": {1202

"partner_name": "Kenneth",1203
"full_details_of_what_Kenneth_saw": {1204

"type": "delivery cart",1205
"property": "solid rubber",1206
"relation": "near",1207
"reference": "loading ramp"1208

},1209
"seen_after_taking": "pallet movement lane",1210
"that_place_also_had": "waste compactor"1211

}12121213

The LLM then outputs the dialog:1214

Listing 3: Example of LLM-generated dialog segment
1215

Michael: I just arrived in the packaging and1216
storage zone via the office area connection.1217

Kenneth: Uh-huh, I'm still in the mixing and1218
preparation zone.1219

Michael: There's a packaging machine here1220
with an adhesive seal protected by a safety1221
interlock.1222

Kenneth: Got it. My packaging machine here1223
uses an ultrasonic seal and receives from a1224
product feed conveyor.1225

Michael: Noted. There's also a label1226
applicator with a wipe-on method holding a1227
label roll holder.1228

Kenneth: Mine's a tamp-apply applicator1229
triggered by a product sensor. Any delivery1230
carts around?1231

Michael: Yes, there's a delivery cart with a1232
fixed axle secured by a securing strap.1233

Kenneth: Mine's near a loading ramp with1234
solid rubber wheels.1235

... //continues12361237

D.3 Q/A Synthesis 1238

First, we automatically identify "questionable mo- 1239

ments" - where there are multiple entities of similar 1240

nature and a relational reference to them would 1241

only be resolved with a good grounding mecha- 1242

nism. We do this using both the ground truth (Call) 1243

and the dialog transcript (D), algorithmically ana- 1244

lyzing the conversation and flagging instances in a 1245

structured list. 1246

A fact is preselected from the Ground Truth as 1247

the “expected answer”, and the LLM is prompted to 1248

generate a question that elicits this specific answer. 1249

The complex context for a moment is captured in a 1250

JSON fact: 1251

Listing 4: Example of a fact for Q/A generation
1252

"fact_id": 17, 1253
"chunk_id": "chunk_007", 1254
"question_type": "inferred_comparison_result", 1255
"questioner": "Kenneth", 1256
"answerer": "Michael", 1257
"context": { 1258

"property_of_obj_seen_by_Michael": "fixed 1259
axle", 1260
"property_of_obj_seen_by_Kenneth": "solid 1261
rubber", 1262
"ambiguous_object_type": "delivery cart", 1263
"disambiguating_fact": "the one that was 1264
where there was also a waste compactor" 1265

}, 1266
"expected_answer": "solid rubber", 12671268

Given the whole context, the LLM generates the 1269

following questions in both a long and a short form 1270

giving us two variety of the same question: 1271

Listing 5: Example of the generated and validated Ques-
tion Pair

1272
"question_full": "Of the two delivery carts we 1273

discussed-yours with a fixed axle and mine 1274
with solid rubber wheels-which one was 1275
located where there was also a waste 1276
compactor?" 1277

"question_short": "Which type of delivery cart 1278
was near the waste compactor?", 12791280

D.4 Validation and Quality Control 1281

To ensure structural integrity and semantic accu- 1282

racy, we employ an algorithmic validation pipeline 1283

active during generation. The system parses the 1284

LLM output in real-time; if a check fails, a specific 1285

error message is fed back to the model to prompt 1286

self-correction. If the model fails repeatedly, the 1287

instance is discarded. Dialogs: We enforce conver- 1288

sational pacing by limiting consecutive utterances, 1289

we verify that movement intentions are stated, and 1290

we ensure all mandatory objects seen in Cm,j are 1291
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mentioned. To account for linguistic variability, we1292

employ a sliding-window semantic match (using1293

all-MiniLM-L6-v2 of the MiniLM family of mod-1294

els (Wang et al., 2020)) rather than strict keyword1295

matching, verifying that specific properties and1296

relations defined in the Ground Truth are contextu-1297

ally present. Questions: We verify that generated1298

questions contain mandatory scenario keywords,1299

ensuring they are tied to the Ground Truth. Fur-1300

thermore, we enforce strict constraints to prevent1301

answer leakage and validate point-of-view consis-1302

tency (e.g., ensuring correct pronoun usage for the1303

observer vs. questioner).1304

Of all the questionable facts identified, only1305

∼ 600 (∼ 36%) of them were successfully con-1306

verted into validated Q/A pairs. This high rejection1307

rate indicates the effective pruning of logical incon-1308

sistencies and factual errors, significantly enhanc-1309

ing corpus quality.1310

E GRPO Training1311

For our GRPO training, we used 600 Question/An-1312

swer pairs from 60 artificially generated dialogs.1313

While we can generate much more synthetic data,1314

we were contrained by the computing resources and1315

decided to use only 600 instances which showed to1316

be enough for the model as the reward stabilized1317

towards the end of the training as seen in Figure 8.1318

The huggingface TRL (von Werra et al., 2020) li-1319

brary was used for GRPO training.1320

E.1 Hyperparameters1321

We used a batch size of 16 for the RL training. The1322

training used 8 A100 GPUs in total out of which1323

4 A100s were used by VLLM for the inference.1324

Here are our other hyperparameters : learning rate1325

- 1e-6, GRPO beta - 0.025, weight_decay - 0.1,1326

adam_beta1 - 0.9, adam_beta2 - 0.99, warm-up1327

ratio - 0.1, and a cosine learning scheduler.1328

F Gemma Results1329

Tables 6 and 7 contain all the results for Gemma21330

2B and 9B models. As seen from the Tables, the1331

overall pattern remains the same as compared to1332

Llama 3.1-8B. The 2 Billion model performs rela-1333

tively poor compared to the 9 Billion model across1334

all the categories. Chunking in general provides1335

the worst results among all the representation tech-1336

niques suggesting the importance of good abstrac-1337

tion of information that preserves the links between1338

the information across different segments of the1339

Figure 8: Training reward over time while using the
synthetic data. Here the y-axis is the reward while x-
axis is the step.

conversation. Surprisingly, for the gemma2 mod- 1340

els that struggled with longer context of STD, the 1341

agentic system performs better than when provided 1342

with the full dialog for Meetup test cases. This 1343

suggests that providing a structure might help it 1344

reason better for longer contexts. 1345

G Prompts 1346

During testing, we utilized the system prompts 1347

shown in Figures 9, 10 and 11. Our approach 1348

leverages chain-of-thought prompting (Figure 10), 1349

which we found to be more effective than direct 1350

questioning. This prompt outlines the game’s rules 1351

to help the LLM understand the context. However, 1352

it differs from the in-context prompt (Figure 11) by 1353

not specifying how to formulate the answer. We 1354

have omitted the prompts for our Agentic method 1355

from this paper due to the numerous large prompts 1356

used in its different phases, but they will be in- 1357

cluded in the open-source code release. Further- 1358

more, we deliberately excluded textual descriptions 1359

of the images from the prompts. This ensures that 1360

the questions can only be answered using the con- 1361

versational context, thereby testing the model’s 1362

ability to form an accurate common ground rep- 1363

resentation based on what has been discussed. 1364

H License 1365

All tools and models used in this research were 1366

employed under licenses that permit academic use. 1367

Specifically, we utilized the Huggingface TRL li- 1368

brary and the Sentence Transformer model all- 1369

MiniLM-L6-v2 under the Apache-2.0 license. The 1370

Llama 3.1, Gemma 2, and Qwen models were used 1371

in accordance with the Llama 3.1 Community Li- 1372

cense Agreement, Google’s usage license, and the 1373

Apache-2.0 license respectively. 1374
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LLMs
Meetup Spot the difference

Temporal Spatial Attributive Inferred Temporal Spatial Attributive Inferred

Full Dialog [from Table 2] 0.20 / 0.18 0.18 / 0.16 0.24 / 0.26 0.26 / 0.16 0.18 / 0.12 0.18 / 0.10 0.20 / 0.12 0.16 / 0.10

Summarisation 0.16 / 0.14 0.12 / 0.12 0.20 / 0.14 0.18 / 0.14 0.12 / 0.10 0.14 / 0.12 0.12 / 0.10 0.08 / 0.02

Chunking (NV-Embbed-V2) 0.16 / 0.14 0.04 / 0 0.12 / 0.10 0.22 / 0.16 0 / 0 0.02 / 0 0.02 / 0 0.02 / 0

Chunking (BM25) 0.24 / 0.20 0.24 / 0.20 0.20 / 0.18 0.16 / 0.12 0 / 0 0 / 0 0.06 / 0.02 0.04 / 0

Agentic Ontology-based 0.40 / 0.36 0.32 / 0.26 0.26 / 0.22 0.20 / 0.16 0.12 / 0.06 0.10 / 0.04 0.14 / 0.08 0.06 / 0.10

Table 6: FEM (↑) / LLM-as-Judge (↑) accuracy for various representations using Gemma2-2B.

LLMs
Meetup Spot the difference

Temporal Spatial Attributive Inferred Temporal Spatial Attributive Inferred

Full Dialog [from Table 2] 0.48 / 0.38 0.50 / 0.46 0.38 / 0.40 0.26 / 0.18 0.34 / 0.20 0.24 / 0.16 0.28 / 0.16 0.20 / 0.10

Summarisation 0.28 / 0.22 0.24 / 0.18 0.28 / 0.24 0.16 / 0.14 0.12 / 0.10 0.10 / 0.10 0.12 / 0.12 0.16 / 0.14

Chunking (NV-Embbed-V2) 0.22 / 0.16 0.10 / 0.10 0.18 / 0.16 0.22 / 0.22 0 / 0 0 / 0.02 0 / 0 0.04 / 0

Chunking (BM25) 0.34 / 0.26 0.22 / 0.24 0.24 / 0.26 0.26 / 0.24 0.02 / 0 0.02 / 0 0.02 / 0 0.06 / 0.02

Agentic Ontology-based 0.44 / 0.46 0.40 / 0.38 0.42 / 0.36 0.26 / 0.24 0.32 / 0.32 0.36 / 0.32 0.30 / 0.26 0.28 / 0.16

Table 7: FEM (↑) / LLM-as-Judge (↑) accuracy for various representations using Gemma2-9B.

I Use of AI1375

We declare that we have used LLMs for helping us1376

paraphrase some of the sentences in this paper in1377

order to better convey our findngs to the community.1378

However, we would like to mention that it was not1379

used for writing big chunks of the paper. Every1380

single line written here has been thoroughly read1381

and revised by the authors.1382
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You are a strict evaluator. Given the Question, LLM response and the correct response, judge
whether the LLM response and the correct response both have the same meaning provided the
question.

*KEEP IN MIND TO ALWAYS FOLLOW THESE RULES* -

1) You have to give ’DIFFERENT’ if they are not having the same meaning and ’SAME’ if they
mean the same.
2) If the words are synonyms then they shall be considered the same.
3) If the response is a negation of the other response then it does not have the same meaning and
hence should be ’DIFFERENT’.
4) If correct answer is kitchen but the response is dining room, then it should be ’DIFFERENT’
because they are different. Do not reason that they have similar purpose. Just because the place
might have similar function does not make it the same.
5) Sometimes the answers from LLM might contain reasoning, but you should only provide the
score based on the final answer provided which is at the end of the answer.
6) If the two responses are negations but in different styles, they should still be considered as the
’SAME’. eg. ’do not recall presence of a cat’ is the same as ’no cats were there’ are the same, the
first one is more indirect form of saying it.
7) If the main content of the answers are the same then answer ’SAME’. The style might be different.
For example, ’yes there was a car there’ and ’a car was there’ are the ’SAME’ in meaning even
though one is more affirmative than the other.

You have to give the answer in the following format:
<reasoning>
(your reasoning here in one or two sentences where you concretely mention the reason why they
mean the same or not.)
</reasoning>
<answer>
(your final verdict here)
</answer>

Figure 9: The system prompt for LLM as a judge.
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You are participant {current_participant} who is navigating a shared environment with another
participant {other_participant}. You are in a virtual space that has lots of different areas. The
participants are initially located in different areas.

The goal is for the two participants to locate themselves in the same area. In order to achieve this
goal, the participants communicate with one another and describe the area they find themselves in.
On the basis of those descriptions, they move to different areas and describe their new areas to the
other participant.

The two participants need to find themselves in the same area. In the last utterance, participant
{other_participant} asks a question. Think about the question, get all the information required from
the dialog as participant {current_participant} and then answer that question as your response. First
reason and interpret the question. Identify whose experience you have to refer to {other_participant}
or {current_participant} or both. Fully break it down and then give the answer. Reason step by step
and then answer.

The final answer should be in the format -
<reasoning>
(your reasoning here which requires analysing the dialog and understanding what are the important
information to look at before answering. Take all the important information into consideration step
by step in your reasoning.)
</reasoning>
<answer>
(your final answer here. DO NOT REASON HERE!!)
</answer>.

Figure 10: The system prompt for the LLM when provided with the full dialog for Meetup test cases. It was also
used for the GRPO trained models.
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[FIRST PARAGRAPH SAME AS Figure 10]

The two participants need to find themselves in the same area. In the last utterance, participant
{other_participant} asks a question. Answer the question. First understand what it means and then
answer as the other user. In other words, if A asked the question then answer as if you are B and
vice versa. Remember they start at different locations and try and meet and are may be in different
rooms and may have parallel observations which are valid from their perspective. Identify whose
experience and observations you have to refer to. First reason and interpret the question. Identify
whose experince you have to refer to, then A or B or both fully break it down and then give the answer.

Remember most importantly -

1) Reason step by step and then answer. Example:
Question from A: do you remember the park I visited?
Although B has to answer here, the reference is to A’s experience, so check what A observed.
Similarly, For, B: Do you remember the garden i visited? -> A should answer based on what B
experienced.

2) Most Crucial: If the question is about "my x" (e.g., "my dining room", "my office"), always refer
to the one who asked the question. So:
- "My dining room" (asked by A) → Refer to A’s observation of their dining room.
- "My chandelier" (asked by B) → Refer to B’s observation of their chandelier.

3) Also, prioritize semantic ownership and pronoun resolution carefully. Don’t let "described by
B" override the ownership stated in the question. Always prioritize the experience of the person
who owns the object/location. If A says "My chandelier," then even if B is answering, the correct
grounding is in A’s description — because A is the owner. Use the other speaker’s description if
that’s whose experience is referenced in the question.

4) If observations conflict strongly, assume two different entities till it has been resolved. Example
conflict: A: "I see one white fridge", B: "I have five yellow fridges" → this means they are in two
different kitchens.

Example grounding from dialog:
00:02:01 — A: I’m in a kitchen and see a fridge
00:02:10 — B: yellow?
00:02:15 — A: No not yellow but white.
00:03:10 - A: Found another kitchen. White walls.
Spatial Grounding: A is in Kitchen A, B is in Kitchen B. A then moves to kitchen C.
Object Grounding: Fridge A (white) in Kitchen A — seen by A, Fridge B (yellow) in Kitchen B —
seen by B, Kitchen C has white walls - seen by A.
Temporal Grounding: A first goes to kitchen A, B simultaniously goes to kitchen B. A then move
and finds another kitchen C which is the second kitchen that A saw.

The final answer should be in the format -
<reasoning> ... [Like in Figure 10] ... </answer>

Figure 11: The system prompt for in-context learning with full dialog history for Meetup test cases.
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Question : Can you please remind me which room is positioned east of the dining room that I visited?

Correct Answer : Attic

Generated Answer : Okay, let’s see what the user needs here. They’re asking for the next utterance
in the conversation based on the provided dialog history. The last message from A is a question: C̈an
you remind me which room is positioned east of the dining room that I visited?S̈o, I need to figure
out how B would respond.Looking through the conversation history, we need to track where each
participant has been. Let’s start by recalling the key points:First, Participant B started in a dining
room with a red chandelier (timestamp [00:00:27]). Then, A moved to the east and mentioned being
in an attic ([00:01:04]), but then later described being in a room with a curved ceiling, ceiling fan,
and triangular shape, possibly an attic again. At [00:02:43], A mentions finding a jacuzzi with
beach chairs, which seems like a bathroom or maybe a spa room. But then moves to a pool area
([00:03:31] mentions brown tiles and pool). Meanwhile, B went to a street ([00:03:48]) and then an
attic with a bed and closet, which was different from A’s attic without a bed. Eventually, B ended
up in the room A was referring to, which had a window and a wooden table on the right, plus a
2007 date ([00:05:04]).The question now is about the room east of the original dining room. From
earlier messages, when A first said they were in the dining room with a red chandelier, then moved
east to what they thought was an attic. However, after moving, the next image B received was a
library/museum building ([00:01:16 Image B]). Wait, actually, the timestamps show that after A
says they’re heading east, the next Image B is the library building. Hmm, but maybe the movement
directions correspond to changing rooms. Since in virtual spaces, moving east could lead them to
adjacent rooms. Wait, the initial dining room was B’s starting point. When A was in the dining room
too? At [00:01:04], A says ïn dining room with red chandelier,s̈o they were both in the same dining
room at some point. But since they needed to get to the same room, perhaps moving east from there
led A to a different room. The Image B after A’s move to east showed the library/museum building.
So maybe moving east from the dining room leads to the library? Because the next image after
A moving east was the library. So when A asks which room is east of the dining room, B would
refer to that library or museum.But looking at the latest interactions, B is currently in a room with
a window, wooden table on the right, and a 2007 date. That room’s description ([00:05:04]) is an
empty room with a dining table, chairs, desk, laptop, etc. Maybe that’s a different area. Alternatively,
B might remember previous movements. Alternatively, maybe the library was the room east of
dining because after A went east, the next image was the library. Therefore, B would say something
like ẗhe libraryör m̈useum building.̈ Also, considering that in the final messages, they ended up in a
room with the 2007 date, which might not be the library, but another spot. So the response should be
B telling A that the room east of the dining room is the library or museum. Let me check the exact
description again. The Image B after A moved east was: l̈arge, unique building with a distinctive
dome...library or museum.̈ So B should mention that. Hence, the answer is probably pointing out
the library/museum as the eastern room.</think>[00:05:42] B: The room east of the dining room
looked like a library or museum with a big dome. check the building with cars parked out front and
traffic lights

Figure 12: Failure case from Qwen-QWQ where it produces a long answer despite reasoning in it’s <reasoning>
tags separately
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