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Abstract001

Resolving egocentric spatial expressions in002
conversational navigation requires mapping003
speaker-centric references such as “on my004
right” to allocentric orientations (e.g., north,005
east, south, west). In practice, this process is006
often mediated by automatic speech recogni-007
tion (ASR), where transcription errors, linguis-008
tic variation, and referential ambiguity obscure009
spatial relations. Despite progress in navigation010
and multimodal reasoning, egocentric spatial011
reference resolution under ASR-transcribed,012
non-English conversational input remains un-013
derexplored. We introduce Conversational Ori-014
entation Reasoning (COR), a diagnostic bench-015
mark for egocentric spatial reference resolution016
in Traditional Chinese conversational naviga-017
tion. COR pairs ASR-transcribed utterances018
with structured landmark coordinates derived019
from real-world environments, while control-020
ling spatial geometry to isolate the effects of021
spoken language noise. This enables evalua-022
tion of transcription errors, linguistic variation,023
and referential ambiguity beyond end-to-end024
navigation success. Using COR, we study an025
interpretable decomposition of orientation in-026
ference into three steps: extracting spatial re-027
lations, mapping landmark coordinates to ab-028
solute directions, and inferring the speaker’s029
orientation. Models following this decomposi-030
tion achieve high performance on clean text and031
retain high accuracy under ASR-transcribed in-032
put, while unstructured baselines degrade sub-033
stantially. COR supports analysis of failure034
modes in spoken spatial reference resolution,035
providing insights into how language ground-036
ing degrades under noisy conversational input.037

1 Introduction038

Egocentric spatial reference resolution concerns039

mapping speaker-centric expressions such as “the040

exit is on my right” to allocentric orientations in-041

cluding north, south, east, and west, and is funda-042

mental to conversational navigation and spoken lan-043

guage understanding. In realistic settings, this pro- 044

cess is often mediated by automatic speech recogni- 045

tion (ASR), where transcription errors, disfluencies, 046

and referential ambiguity can obscure spatial rela- 047

tions and perspective cues. As a result, failures in 048

navigation systems frequently arise not from geo- 049

metric reasoning itself, but from misinterpretation 050

of egocentric language under noisy spoken input. 051

Despite growing interest in conversational navi- 052

gation systems (Sundar et al., 2024; Pareek et al., 053

2024; Sheshadri and Hara, 2024; Kaniwa et al., 054

2024; Liu et al., 2024; Levi and Kadar, 2025), most 055

existing approaches assume access to GPS signals, 056

detailed maps, or fixed global reference frames 057

(de Vries et al., 2018; Chen et al., 2020), primarily 058

focus on English-language inputs, and emphasize 059

end-to-end navigation success (Ghosh et al., 2024; 060

Tang et al., 2023). While effective in aggregate 061

performance, such formulations provide limited 062

diagnostic insight into how ASR-induced noise 063

and linguistic ambiguity affect the interpretation of 064

egocentric spatial references, particularly in non- 065

English conversational settings. In conversational 066

navigation, spoken Traditional Chinese commonly 067

exhibits fillers, discourse particles, and diverse real- 068

izations of spatial expressions, which can amplify 069

referential ambiguity under ASR. 070

Related progress in embodied AI, multimodal 071

chain-of-thought reasoning (Mu et al., 2023; Sun 072

et al., 2024; Liu et al., 2025; Shen et al., 2025), 073

and large audio-language models (Zhang et al., 074

2023; Xie and Wu, 2024; Fu et al., 2025; Défos- 075

sez et al., 2024) has further advanced navigation, 076

planning, and speech processing, but typically as- 077

sumes known orientations or primarily focuses on 078

transcription, summarization, or intent-level tasks 079

(yu Huang et al., 2024; Yang et al., 2024; Wang 080

et al., 2025; Shi et al., 2025). Even recent speech- 081

based reasoning efforts such as Audio-CoT (Ma 082

et al., 2025) do not directly study egocentric spatial 083

reference resolution under ASR-mediated noise. 084
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To address this gap, we introduce Conversational085

Orientation Reasoning (COR), a diagnostic bench-086

mark for egocentric spatial reference resolution087

in Traditional Chinese conversational navigation.088

COR pairs ASR-transcribed egocentric utterances089

with structured landmark coordinates derived from090

real-world urban layouts in Taiwan and projected091

onto a grid representation. By intentionally con-092

trolling spatial geometry, COR enables targeted093

analysis of uncertainty introduced by spoken lan-094

guage, including transcription errors, linguistic095

variation, and referential ambiguity, rather than096

approximating full navigation complexity. Using097

COR, we analyze an interpretable decomposition of098

orientation inference into spatial relation extraction,099

coordinate-based direction identification, and final100

orientation inference, enabling fine-grained exami-101

nation of where and how errors arise. We evaluate102

performance under clean text, ASR-transcribed in-103

puts, and multiple evaluation conditions, including104

unseen environments and ambiguous references.105

Our study is guided by three research questions:106

• RQ1 (Orientation inference performance).107

How accurately can models resolve egocentric108

spatial references into allocentric orientations109

under ASR-transcribed input?110

• RQ2 (Ablation studies). How do ASR-111

transcribed input, spatial coordinates, and112

structured output formats contribute to per-113

formance under transcription noise?114

• RQ3 (Evaluation under variation). How115

does egocentric spatial reference resolution116

behave under linguistic variation, referential117

ambiguity, and unseen spatial environments?118

Our contributions are threefold:119

1. Benchmark. We introduce COR, a diagnos-120

tic benchmark for egocentric-to-allocentric121

spatial reference resolution under ASR-122

transcribed Traditional Chinese conversa-123

tional input.124

2. Analysis framework. We use a structured125

decomposition of orientation inference as an126

analytic scaffold to examine how transcription127

noise and linguistic ambiguity affect spatial128

language grounding.129

3. Empirical analysis. Through evaluations130

across linguistic variation, referential ambi-131

guity, and unseen spatial domains, we analyze132

failure modes that are obscured by end-to-end 133

navigation metrics. 134

2 Related Work 135

2.1 Egocentric Spatial Language and 136

Conversational Navigation 137

Egocentric spatial reference resolution concerns 138

interpreting speaker-centric expressions into allo- 139

centric orientations with respect to a world-centric 140

reference frame. This problem is embedded in nat- 141

ural language navigation tasks, where agents fol- 142

low instructions or dialogues grounded in spatial 143

environments. Early benchmarks such as Room- 144

to-Room (R2R) (Anderson et al., 2018) and Co- 145

operative Vision-and-Dialog Navigation (CVDN) 146

(Thomason et al., 2019) focus on visually grounded 147

instruction following, while subsequent work ex- 148

tends navigation to urban and conversational set- 149

tings, including Talk the Walk (de Vries et al., 150

2018) and Touchdown (Chen et al., 2020). 151

In these benchmarks, egocentric spatial language 152

is typically evaluated only through end-to-end nav- 153

igation success, making it difficult to isolate errors 154

arising from linguistic misinterpretation. Other 155

studies incorporate spatial representations, such as 156

panoramic orientation in Speaker-Follower models 157

(Fried et al., 2018), 3D scene graphs in Spatial- 158

RGPT (Cheng et al., 2024), and large-scale egocen- 159

tric visual data in Ego4D (Grauman et al., 2022). 160

Despite these advances, existing approaches gen- 161

erally assume known agent orientations or operate 162

over high-level action spaces, rather than evaluat- 163

ing the intermediate task of resolving egocentric 164

spatial references into allocentric orientations. As 165

a result, failures in egocentric spatial interpreta- 166

tion caused by spoken language noise are often 167

entangled with downstream perception or action 168

errors, and remain insufficiently characterized as a 169

standalone language understanding problem, par- 170

ticularly in non-English conversational settings. 171

2.2 Multimodal Chain-of-Thought Reasoning 172

Chain-of-thought (CoT) prompting encourages 173

models to generate intermediate reasoning steps 174

and has been shown to improve performance across 175

a wide range of reasoning tasks (Jin et al., 2024; 176

Wang et al., 2023; Prystawski et al., 2023; Tang 177

et al., 2023). Extensions to multimodal chain- 178

of-thought (MCoT) enable reasoning over lan- 179

guage, vision, and spatial inputs, allowing embod- 180

ied agents to decompose complex tasks into inter- 181
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pretable subgoals. Representative systems include182

EmbodiedGPT (Mu et al., 2023), E-CoT (Lin et al.,183

2024), Emma-X (Sun et al., 2024), SpatialCoT (Liu184

et al., 2025), and MCoCoNav (Shen et al., 2025).185

Prior work primarily employs MCoT to improve186

planning, action execution, or multimodal percep-187

tion. In contrast, our work uses structured reason-188

ing as an analytic scaffold to examine how ego-189

centric spatial relations expressed in language are190

transformed into allocentric orientation labels. This191

perspective enables fine-grained analysis of spo-192

ken language understanding failures under ASR-193

induced corruption. COR serves as a controlled di-194

agnostic setting for studying how spoken language195

noise affects spatial reference resolution.196

2.3 Spoken Language Understanding and197

Audio-Language Models198

Large audio-language models (LALMs) extend199

language models with speech inputs and demon-200

strate strong performance on transcription, classi-201

fication, and dialogue tasks (Zhang et al., 2023;202

Xie and Wu, 2024; Fu et al., 2025; Défossez et al.,203

2024). Benchmarks such as SALMONN (Tang204

et al., 2024), AudioBench (Wang et al., 2025), Air-205

Bench (Yang et al., 2024), and Dynamic-SUPERB206

(yu Huang et al., 2024) primarily evaluate speech207

perception quality and end-to-end reasoning per-208

formance. Audio-CoT (Ma et al., 2025) further209

explores reasoning over speech-derived representa-210

tions. In contrast to these efforts, our work focuses211

on ASR-mediated language understanding rather212

than acoustic modeling or speech recognition itself.213

We treat ASR transcripts as a noisy textual modal-214

ity and study how transcription errors and linguis-215

tic ambiguity affect egocentric spatial reference216

resolution when combined with structured spatial217

inputs. This setting isolates downstream language218

grounding errors introduced by ASR, complement-219

ing existing audio-language benchmarks.220

3 Method221

This section defines the orientation reasoning task222

and the controlled setting used in COR. We de-223

scribe our stage-wise curriculum training procedure224

and the structured output format used for inference225

and analysis under ASR-transcribed inputs.226

3.1 Overview227

We study egocentric-to-allocentric orientation in-228

ference in a controlled conversational navigation229

Figure 1: Pipeline of our setup: (1) speech synthesis
and transcription, (2) multimodal input preparation and
fusion, and (3) orientation inference.

setting. Given a clean egocentric description A, 230

we generate an ASR transcript A′ using a text-to- 231

speech (TTS) and ASR pipeline. This introduces 232

controlled transcription noise while keeping the 233

underlying spatial semantics unchanged. The tran- 234

script A′ is paired with structured spatial coordi- 235

nates T that describe the user position and nearby 236

landmarks. A model is trained to produce a struc- 237

tured reasoning trace and a final allocentric orien- 238

tation prediction D∗ ∈ {north, east, south, west}. 239

As illustrated in Figure 1, our setup consists of 240

three components: (1) Speech synthesis and tran- 241

scription, which converts clean descriptions into 242

ASR transcripts; (2) Multimodal input prepara- 243

tion, which serializes transcripts and spatial coor- 244

dinates into a unified input; and (3) Orientation 245

inference, which predicts the allocentric orienta- 246

tion and optionally produces intermediate steps for 247

analysis. Unlike prior audio-language models that 248

emphasize transcription quality, we treat ASR out- 249

put as a noisy textual modality. This setup yields 250

ASR-transcribed inputs with a well-characterized 251

noise profile, enabling analysis of how transcription 252

errors affect downstream spatial reference resolu- 253

tion without introducing additional variability from 254

acoustic recording conditions. 255

3.2 Task Formulation 256

We study egocentric-to-allocentric orientation rea- 257

soning in a structured setting derived from the 258

Gongguan MRT area in Taiwan (Figure 2). Let A 259

denote a clean egocentric description, A′ its ASR 260

transcript, T the spatial coordinate input, and D∗ 261

the ground-truth allocentric orientation. 262
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Environment. The real-world area is projected263

into a discrete 10 × 10 Manhattan grid G. The264

user position is u = (xu, yu) ∈ G, and landmarks265

form a set L = {ℓi} with coordinates p(ℓi) ∈ G.266

This representation intentionally removes geomet-267

ric ambiguity (e.g., diagonal relations). By fixing268

spatial geometry across instances, COR isolates un-269

certainty arising from language interpretation and270

transcription noise rather than spatial computation.271

Egocentric description. Each instance contains272

an egocentric spatial relation expressed in natural273

language and a reference landmark ℓr. For clear274

directional expressions, the underlying egocentric275

relation q ∈ {FRONT, BACK, LEFT, RIGHT} can be276

uniquely identified. In addition, COR includes277

vague directional expressions commonly observed278

in conversational navigation, such as expressions279

indicating approximate or imprecise orientation280

(e.g., “slightly to the left front”, “roughly on the281

left side”). For such cases, the egocentric relation282

does not correspond to a single discrete direction.283

After TTS and ASR, we obtain the transcript284

A′. For example, the utterance “I am at Exit 2,285

and restaurant 5 is on my right” implies that the286

user is facing north, i.e., D∗ = north. In contrast,287

utterances describing vague directions may admit288

multiple plausible allocentric orientations.289

Mapping rule (label protocol). The mapping290

rules (Table 1) define the labeling protocol used291

to derive allocentric orientations in COR. They292

are not intended as a proposed solution. Instead,293

they specify how geometric relations are fixed in294

order to study language understanding under noise.295

These rules are used only to derive ground-truth296

labels and are never executed or enforced within297

the model during inference.298

Given the reference landmark ℓr, we compute299

the relative vector ∆ = p(ℓr)−u = (∆x,∆y). The300

absolute direction of the landmark is determined301

by the dominant axis: east or west if |∆x| > |∆y|,302

and north or south otherwise, with the sign given303

by ∆x or ∆y.304

For clear egocentric relations, the user orienta-305

tion is derived by rotating the absolute landmark306

direction according to the relation q, yielding a sin-307

gle allocentric orientation. For vague directional308

expressions, however, this procedure yields a set309

of plausible allocentric orientations rather than a310

unique label. Accordingly, the ground-truth orien-311

Figure 2: Task environment. Gongguan MRT area pro-
jected into a 10× 10 grid map.

tation is annotated as a set 312

D∗ ⊆ {north, east, south,west}, 313

reflecting intrinsic ambiguity in directional inter- 314

pretation. 315

Since the environment is a Manhattan grid with 316

only four cardinal neighbors, diagonal cases do 317

not occur. All ground-truth orientation sets are de- 318

rived from the same geometric protocol. While 319

the labeling rules are deterministic given a fixed 320

interpretation, the presence of vague directional 321

expressions results in inherently ambiguous orien- 322

tation annotations. Each instance is associated with 323

a step-by-step reasoning trace used to supervise the 324

structured output format. All automatically gener- 325

ated instances are verified by human annotators for 326

correctness. 327

Facing Front Back Right Left

North N S E W
East E W S N
South S N W E
West W E N S

Table 1: Relative-to-absolute direction mapping rules.

3.3 Training Procedure 328

We train Taiwan-LLM-13B-v2.0-Chat with a stage- 329

wise curriculum to stabilize learning of the decom- 330

posed inference steps. All training stages use clean 331

text inputs, while ASR-transcribed inputs are in- 332

troduced only at evaluation time to examine the 333

effects of transcription noise. 334

Stage-wise fine-tuning. Let fθ(i) denote the 335

model at stage i. Stage-wise supervision is used to 336
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stabilize learning and to expose intermediate struc-337

tures, rather than to encode or enforce the mapping338

rules themselves. The curriculum controls the order339

in which subtasks are introduced.340

(S1) Relation extraction. The model extracts341

the egocentric relation and reference landmark342

from clean descriptions:343

r1 = fθ(0)(A) → (q, ℓr).344

(S2) Coordinate-based direction identifica-345

tion. The model infers the absolute direction from346

user and landmark coordinates:347

r2 = fθ(1)(u, p(ℓr)) → dabs ∈ {N,E,S,W}.348

(S3) Orientation inference. The final orien-349

tation is inferred from the absolute direction and350

egocentric relation:351

r3 = fθ(2)(dabs, q) → D̂,352

where D̂ denotes a ranked list of allocentric orienta-353

tions. For clear directional expressions, D̂ contains354

a single dominant orientation. For vague direc-355

tional expressions, evaluation considers whether D̂356

intersects with the ground-truth orientation set D∗.357

(S4) End-to-end integration. ASR transcripts358

and coordinates are serialized into a single input:359

M = “Audio: ”+A′+“ | Coordinates: ”+T,360

where T serializes (u, {ℓi, p(ℓi)}) into tokens. The361

model then generates a full reasoning trace:362

S = fθ(3)(M),363

which includes intermediate steps (r1, r2, r3) and364

the final prediction D∗. At inference time, the365

model is not constrained to follow the intermedi-366

ate steps. The structured output format is used to367

facilitate analysis and error attribution.368

Objective. Training supervision is applied to369

both intermediate steps and final predictions:370

L = −
|S|∑
t=1

logP (st | s<t,M).371

4 Experimental Results372

4.1 Dataset373

We evaluate on the Conversational Orientation374

Reasoning (COR) benchmark, which targets375

egocentric-to-allocentric orientation inference in376

conversational navigation. COR contains 4,600 377

instances. Each instance consists of (i) an egocen- 378

tric utterance in Traditional Chinese, (ii) structured 379

landmark coordinates on a discrete grid, and and 380

(iii) a cardinal orientation label or set of labels. 381

A step-by-step reasoning trace is additionally pro- 382

vided to supervise the structured output format. 383

To simulate speech-driven conditions while 384

maintaining experimental control, we synthesize 385

speech from clean utterances and transcribe it using 386

an ASR system to obtain noisy transcripts. This 387

ASR-mediated setup introduces transcription noise 388

without altering the underlying spatial semantics. 389

All instances are generated from the grid-based la- 390

beling protocol (Table 1) and verified by human 391

annotators for correctness. 392

Data splits. COR is divided into 3,216 training, 393

688 validation, and 696 test examples. Models are 394

fine-tuned using clean text only, while ASR tran- 395

scripts are introduced at evaluation time. To ensure 396

coverage across spatial relations, the training set is 397

balanced over combinations of egocentric relations: 398

each single relation (front/back/left/right) contains 399

320 utterances, while each double-, triple-, and 400

quadruple-relation combination contains 280 utter- 401

ances. A subset of 400 examples introduces con- 402

trolled linguistic variations (e.g., synonym substitu- 403

tions and word-order changes), distributed across 404

splits. The test sets reflect multilingual characteris- 405

tics common in Taiwan: English landmark names 406

appear in 4.7% of the main test samples and 46.5% 407

of the cross-domain samples, with occasional sim- 408

plified Chinese variants introduced by ASR. 409

Evaluation subsets. Beyond the main test set 410

(696 examples from the Gongguan area), we con- 411

struct two additional evaluation sets for RQ3: (1) 412

Cross-domain (540 examples), projected into a 413

10 × 10 grid from the unseen Taipei Station area 414

(Figure 4); and (2) Referential ambiguity (200 ex- 415

amples), which include ambiguous references, dis- 416

fluent or incomplete utterances, and semantically 417

underspecified mentions. 418

ASR error profile. Figure 3 shows the ASR er- 419

ror severity distribution across the main and cross- 420

domain test sets. Exact counts are provided in 421

Appendix 5 (Table 7). 422

Example. “I am at Gongguan MRT Exit 2, and 423

restaurant 5 is on my right” → Label: North. 424
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Figure 3: ASR error severity distribution in the two
evaluation sets.

Figure 4: Cross-domain evaluation environment. Taipei
Station area projected into a 10× 10 grid.

4.2 Orientation inference performance (RQ1)425

We report orientation accuracy as the primary met-426

ric, defined as the proportion of predictions match-427

ing the ground-truth orientation. For methods that428

generate reasoning traces, we additionally report429

reasoning quality, measured as the match rate of430

intermediate steps (range 0–1, higher is better), and431

format error rate, defined as the proportion of out-432

puts violating the expected schema.433

Rule-based baseline. We implement a determin-434

istic baseline that (i) extracts relation–landmark435

pairs using pattern matching over the transcript436

and (ii) applies the fixed mapping rules in Table 1.437

On clean text, this baseline achieves 99.86% ac-438

curacy, indicating that orientation labels can be re-439

covered when linguistic input is error-free. Under440

ASR-transcribed input, however, accuracy drops441

to 39.51%, with 40.80% of cases failing at the ex-442

traction stage, primarily due to landmark string443

corruption such as homophones and character sub-444

stitutions. This contrast illustrates the sensitivity of445

string-based extraction to transcription noise and446

motivates the use of learning-based models for han-447

dling noisy spatial language. Table 2 summarizes448

results across baselines and our method.449

ID Method Input Acc. Err.
B0 Rule-based Clean 99.86 –

ASR 39.51 –
B1 Zero-shot Clean 25.0 5.2
B2 Few-shot (no CoT) Clean 25.9 4.7
B3 Few-shot (CoT) Clean 21.1 39.2
B4 Fine-tuned Clean 12.8 50.4
B5 MCoT (ours) Clean 100.0 0.0

ASR 98.1 0.0

Table 2: Orientation accuracy (%). Err. denotes format
error rate (%).

Quantitative Results. The curriculum-trained 450

model achieves 100.0% accuracy on clean inputs 451

and 98.1% accuracy on ASR-transcribed inputs. As 452

shown in Table 2, its performance exceeds that of 453

non-CoT baselines under both settings. In contrast, 454

the rule-based baseline performs reliably on clean 455

text but fails in a large fraction of ASR-transcribed 456

cases due to its sensitivity to landmark string cor- 457

ruption. A detailed analysis of the rule-based solver 458

is provided in Appendix A.6. 459

The experimental design intentionally isolates 460

linguistic grounding under ASR noise by fixing 461

the geometric environment and excluding ambigu- 462

ous spatial configurations. As evidenced by the 463

rule-based baseline, even with access to the same 464

geometric protocol, performance degrades sharply 465

under ASR corruption, suggesting that the domi- 466

nant challenge lies in resolving noisy spoken refer- 467

ences rather than spatial computation. Our model 468

does not have access to the labeling rules used 469

to generate orientation annotations. It learns to 470

map noisy utterances to egocentric spatial relations 471

through decomposition and constrained reasoning. 472

This design accounts for the observed performance 473

while preserving failure modes under ASR noise. 474

We observe that direct classification baselines, in- 475

cluding fine-tuned variants, perform poorly under 476

ASR noise due to frequent output format violations 477

and confusion between relational and orientation 478

supervision, further motivating our decomposition- 479

based approach that separates relation extraction 480

from constrained orientation inference. 481

4.3 Qualitative Analysis of Failure Modes 482

To characterize the linguistic bottleneck, we exam- 483

ine the reasoning traces produced by our MCoT 484

model. We categorize failures into three primary 485

modes: Direction, Relation, and ASR errors. Ta- 486

ble 3 summarizes their definitions, and we provide 487
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Error Description
Direction Incorrect relative-to-absolute mapping
Relation Landmark or relation misidentified

ASR Errors caused by ASR transcription

Table 3: Error taxonomy used in our analysis.

Figure 5: Direction understanding error with original
Traditional Chinese model output (ASR-transcribed).

one representative example for each type below.488

Direction Understanding. This is the most fre-489

quent mode (9 cases), where the model correctly490

extracts relations and computes directions but fails491

the final mapping logic. As shown in Figure 5,492

the model correctly identifies that the landmark is493

North of the user (Step 2) but incorrectly applies494

the rotation rule in Step 3, concluding that facing495

South would place North on the user’s “left”. This496

suggests that egocentric-to-allocentric transforma-497

tion remains a challenge for LLMs even when geo-498

metric inputs are accurate.499

Relation Extraction. These errors (2 cases) oc-500

cur when the model fails to extract all mentioned501

landmarks or misattributes them to the wrong spa-502

tial relations. As illustrated in Figure 6, the model503

omits a key landmark from the noisy transcript504

and incorrectly pairs the remaining ones with the505

wrong egocentric directions (e.g., assigning “left”506

to a landmark that was described as “in front”).507

This highlights the challenge of maintaining ref-508

erential integrity when the model must parse long509

and disfluent ASR outputs.510

ASR Misrecognition. Phonetic corruption can511

lead to semantic inconsistencies that propagate512

through the reasoning trace (3 cases). In Figure 7,513

Figure 6: Relation extraction error with original Tradi-
tional Chinese model output (ASR-transcribed).

ID Setting Acc. Err.
A1 Clean text only 25.0 0.7
A2 ASR text only 16.2 35.8
A3 ASR + coordinates 26.4 3.0
A4 MCoT (Clean) 100.0 0.0

MCoT (ASR) 98.1 0.0

Table 4: Ablation results. Err. denotes format error rate
(%).

the ASR engine converts “drink shop” to the near- 514

homophone “yin-liu-dian” and “bakery” to “nian- 515

bao-dian”. As a result, the model incorrectly maps 516

multiple distinct spatial relations (e.g., both “front” 517

and “back”) to the same corrupted landmark name 518

in Step 1. While this introduces a logical con- 519

tradiction, the model often attempts to reconcile 520

these by assigning different coordinates to the same 521

corrupted string in Step 2 to maintain a plausible 522

orientation inference. 523

4.4 Ablation studies (RQ2) 524

We conduct ablation studies to assess the contribu- 525

tions of ASR transcripts, spatial coordinates, and 526

structured chain-of-thought reasoning. Results are 527

reported in Table 4. 528

Findings. Adding spatial coordinates to ASR 529

transcripts (A2→A3) improves accuracy by 10.2 530

points while substantially reducing format errors. 531

Introducing structured chain-of-thought reasoning 532

on top of multimodal inputs (A3→A4) yields over 533

70 points in accuracy and eliminates format errors. 534

These results indicate that the structured decompo- 535

sition is critical for stabilizing egocentric spatial 536
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Figure 7: ASR misrecognition error with original Tradi-
tional Chinese model output (ASR-transcribed).

interpretation under transcription noise.537

4.5 Evaluation under variation (RQ3)538

Unlike referential ambiguity caused by underspec-539

ified landmarks, vague directional expressions in-540

troduce intrinsic ambiguity in orientation. In COR,541

such vague directional expressions constitute a542

subset of the referential ambiguity setting (R3).543

For this subset, ground-truth annotations are rep-544

resented as orientation sets and evaluated using545

set-based accuracy, while the remaining referential546

ambiguity cases retain single-label evaluation.547

We evaluate model behavior under three sources548

of variation: linguistic variation (R1), unseen spa-549

tial environments (R2), and referential ambiguity550

(R3). Results are summarized in Table 5, with551

detailed experimental configurations provided in552

Appendix A.4. Across R1–R3, the model produces553

well-formed outputs with no format violations, and554

reasoning traces remain consistent across condi-555

tions. In the cross-domain setting (R2), 29 errors556

are observed, the majority of which involve direc-557

tion understanding (22/29), followed by ASR mis-558

recognition effects (6/29) and relation extraction559

errors (1/29). Performance under linguistic varia-560

tion (R1) and referential ambiguity (R3) exhibits561

similar error patterns but with fewer total errors.562

5 Conclusion and Limitations563

Conclusion. This paper examined egocentric-to-564

allocentric orientation reasoning in conversational565

ID Setting Acc. Err.
R1 Linguistic variation 100.0 0.0
R2 Cross-domain 94.6 0.0
R3 Referential ambiguity 99.5 0.0

Table 5: Generalization under variation. Err. denotes
format error rate (%).

navigation under ASR-mediated input and intro- 566

duced the Conversational Orientation Reasoning 567

(COR) benchmark, a controlled diagnostic setting 568

for studying the effects of transcription noise and 569

linguistic ambiguity in Traditional Chinese. We de- 570

composed orientation inference into relation extrac- 571

tion, coordinate-based direction identification, and 572

final orientation inference. Results show that mod- 573

els trained with this structured format achieve high 574

accuracy on clean text and maintain high accuracy 575

under ASR-transcribed input. Beyond end-to-end 576

accuracy, COR supports fine-grained error analysis, 577

revealing that failures in spoken navigation often 578

stem from language grounding issues. 579

We further compared learning-based models 580

with a deterministic rule-based solver that directly 581

applies the benchmark’s construction rules. While 582

the rule-based solver performs reliably on clean 583

text, its accuracy degrades substantially under ASR 584

noise. In contrast, learning-based models exhibit 585

different error patterns and produce interpretable 586

intermediate outputs that facilitate error attribution, 587

highlighting COR’s value as a diagnostic bench- 588

mark beyond aggregate accuracy. 589

Limitations and future work. COR adopts a dis- 590

crete 10×10 Manhattan grid with axis-aligned land- 591

marks, simplifying spatial geometry and excluding 592

diagonal or continuous relations. ASR noise is in- 593

troduced via a TTS-to-ASR pipeline for controlled 594

analysis, but does not capture the full variability 595

of spontaneous speech, such as prosody, accent 596

variation, or disfluencies. Additionally, while COR 597

focuses on Traditional Chinese to address an under- 598

explored non-English setting, broader multilingual 599

coverage remains open. Future work will extend 600

COR to richer spatial configurations, more realis- 601

tic speech conditions, and broader linguistic and 602

interaction-centric evaluations, including conversa- 603

tional clarification under ambiguous references. 604
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A.1 Error taxonomy and Examples 788

Note on reasoning traces. The intermediate rea- 789

soning steps shown in this section are generated 790

by the model and are not externally verified or 791

enforced at inference time. We include these rea- 792

soning traces to facilitate qualitative analysis and 793

error attribution, rather than to claim strict faithful- 794

ness between the intermediate steps and the final 795

prediction. In particular, a correct final orientation 796

does not require all intermediate steps to be correct, 797

and conversely, errors may arise even when earlier 798

steps appear plausible. 799

A.1.1 Direction Understanding Error 800

Error Analysis. The model correctly extracted 801

relations and computed absolute directions but in- 802

correctly applied spatial mapping rules in the final 803

step, concluding the user faces South. Figure 5 804

shows the original output. 805

Input. 806

Audio: I am at Taipei Main Station 807
Exit S2, restaurant 5 is in front 808
of me, and Taipei Main Station Exit 809
S3 is on my left | Coordinates: 810
Taipei_Main_Station_Exit_S2(4,4), 811
restaurant_5(4,5), 812
Taipei_Main_Station_Exit_S3(3,4) 813

Model Output. 814

1. Step 1: Extract spatial relations 815

Spatial relation 1 = front, landmark = restau- 816

rant 5 817

Spatial relation 2 = left, landmark = Taipei 818

Main Station Exit S3 819

2. Step 2: Calculate absolute directions 820

Reference landmark 1 = restaurant 5, Direc- 821

tion vector from Taipei Main Station Exit S2 822

to restaurant 5: (4,5)-(4,4) = (0,1), Direction 823

= North 824
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Reference landmark 2 = Taipei Main Station825

Exit S3, Direction vector from Taipei Main826

Station Exit S2 to Taipei Main Station Exit827

S3: (3,4)-(4,4) = (-1,0), Direction = West828

3. Step 3: Infer user orientation829

Restaurant 5 is to the North and the user de-830

scribes it as “on my left”. Spatial mapping831

rules indicate left = North when the user is832

facing South.833

Taipei Main Station Exit S3 is to the West and834

the user describes it as “on my left”. Spatial835

mapping rules indicate left = West when the836

user is facing South.837

Final Answer. The user is facing South.838

A.1.2 Relation Extraction Error839

Error Analysis. The model incorrectly extracted840

spatial relations from the input, misidentifying841

which landmark corresponds to which direction.842

Figure 6 shows the original output.843

Input.844

Audio: I am at bus stop 2, Taipei845
Main Station Exit S3 is in front of846
me, Taipei Main Station Exit K7 is on847
my left, and sports store 1 is on my848
right | Coordinates: bus_stop_2(3,3),849
Taipei_Main_Station_Exit_S3(3,4),850
Taipei_Main_Station_Exit_K7(2,3),851
sports_store_1(4,3)852

Model Output.853

1. Step 1: Extract spatial relations854

Spatial relation 1 = left, landmark = Taipei855

Main Station Exit S3856

Spatial relation 2 = right, landmark = sports857

store 1858

2. Step 2: Calculate absolute directions859

Reference landmark 1 = Taipei Main Station860

Exit S3, Direction vector from bus stop 2 to861

Taipei Main Station Exit S3: (3,4)-(3,3) =862

(0,1), Direction = North863

Reference landmark 2 = sports store 1, Direc-864

tion vector from bus stop 2 to sports store 1:865

(4,3)-(3,3) = (1,0), Direction = East866

3. Step 3: Infer user orientation867

Taipei Main Station Exit S3 is to the North868

and the user describes it as “on my left”. Spa-869

tial mapping rules indicate left = North when870

the user is facing South.871

Sports store 1 is to the East and the user de- 872

scribes it as “on my right”. Spatial mapping 873

rules indicate right = East when the user is 874

facing South. 875

Final Answer. The user is facing South. 876

A.1.3 ASR Misrecognition Error 877

Error Analysis. ASR misrecognition caused the 878

model to incorrectly map multiple spatial relations 879

to the same landmark, leading to inconsistent rea- 880

soning. Figure 7 shows the original output. 881

Input. 882

Audio: I am at park 4, yin-liu-dian 883
4 is in front of me, 981 is behind 884
me, nian-bao-dian 3 is on my left, and 885
982 is on my right | Coordinates: 886
park_4(8,5), drink_shop_4(7,5), 887
bar_1(9,5), bakery_3(8,4), bar_2(8,6) 888

Model Output. 889

1. Step 1: Extract spatial relations 890

Spatial relation 1 = front, reference landmark 891

= yin-liu-dian 4 892

Spatial relation 2 = back, reference landmark 893

= yin-liu-dian 4 894

Spatial relation 3 = left, reference landmark = 895

nian-bao-dian 3 896

Spatial relation 4 = right, reference landmark 897

= bar 2 898

899

2. Step 2: Calculate absolute directions 900

Reference landmark 1 = yin-liu-dian 4, Di- 901

rection vector from park 4 to yin-liu-dian 4: 902

(8,5)-(7,5) = (1,0), Direction = East 903

Reference landmark 2 = drink shop 4, Direc- 904

tion vector from park 4 to drink shop 4: (7,5)- 905

(8,5) = (-1,0), Direction = West 906

Reference landmark 3 = nian-bao-dian 3, Di- 907

rection vector from park 4 to nian-bao-dian 3: 908

(8,4)-(8,5) = (0,-1), Direction = South 909

Reference landmark 4 = bar 2, Direction vec- 910

tor from park 4 to bar 2: (8,6)-(8,5) = (0,1), 911

Direction = North 912

3. Step 3: Infer user orientation 913

Yin-liu-dian 4 is to the East and the user de- 914

scribes it as “in front of me”. Spatial mapping 915

rules indicate front = East when the user is 916

facing East. 917

Drink shop 4 is to the West and the user de- 918

scribes it as “behind me”. Spatial mapping 919

rules indicate back = West when the user is 920

11



Table 6: Training and ASR preprocessing details.

Model Taiwan-LLM-13B-v2.0-Chat
Fine-tuning LoRA (4-bit)
Rank / α / Dropout 16 / 32 / 0.05
Optimizer AdamW (5× 10−5)
Batch / Accum. 1 / 32
Precision bfloat16
Hardware NVIDIA A100
ASR Whisper-base (zh), greedy
Audio 16 kHz mono
Metric CER (TTS→ASR)

facing East.921

Nian-bao-dian 3 is to the South and the user922

describes it as “on my left”. Spatial mapping923

rules indicate left = South when the user is924

facing East.925

Bar 2 is to the North and the user describes926

it as “on my right”. Spatial mapping rules927

indicate right = North when the user is facing928

East.929

Final Answer. East930

A.2 Implementation Details for the931

Experiments932

Model Architecture. We use Taiwan-LLM-13B-933

v2.0-Chat as the base model with LoRA fine-tuning934

under 4-bit quantization (rank r = 16, α = 32,935

dropout rate 0.05).936

Training Parameters. All experiments run for 5937

epochs with batch size 1 and gradient accumulation938

steps of 32. The learning rate is set to 5 × 10−5,939

with a maximum sequence length of 768 tokens.940

Training is conducted in bfloat16 mixed precision941

on NVIDIA A100 GPUs.942

Data Format. Inputs follow the LLaMA chat943

template, combining ASR transcripts and spatial944

coordinates. The model is trained to output struc-945

tured three-step reasoning traces aligned with the946

MCoT design.947

ASR Preprocessing. Speech inputs were tran-948

scribed with Whisper-base (zh) using greedy de-949

coding (temperature 0, no beam search) on 16 kHz950

mono audio. We report character error rate (CER)951

on the TTS→ASR loop as a proxy of noise, rather952

than Whisper’s internal probabilities. TTS was953

used solely to synthesize controlled variants for954

evaluation experiments.955

A.3 Full Prompts 956

A.3.1 Training Prompts 957

Step 0: Spatial Relation Extraction 958

Task. Extract all spatial relations and reference 959

landmarks from the following sentence. 960

Input. “I am at Gongguan MRT Exit 1, Restau- 961

rant 4 is in front of me, Gongguan MRT Exit 2 962

is behind me, Bus Stop 1 is on my left, and Bike 963

Rental Station 3 is on my right.” 964

Output. 965

Spatial relation 1 = front, Reference 966
landmark 1 = Restaurant 4 967
Spatial relation 2 = behind, Reference 968
landmark 2 = Gongguan MRT Exit 2 969
Spatial relation 3 = left, Reference 970
landmark 3 = Bus Stop 1 971
Spatial relation 4 = right, Reference 972
landmark 4 = Bike Rental Station 3 973

Step 1: Vector Direction Learning 974

Input. 975

From = (0,0), To = (1,0) 976

Output. 977

Direction vector: (1,0) - (0,0) = (1,0), 978
Direction = East 979

Step 2: Orientation Inference 980

Task. Infer user orientation based on the land- 981

mark absolute direction and spatial relation. 982

Input. 983

Landmark absolute direction = East 984
Spatial relation = behind 985

Output. 986

Analysis: The landmark is to the East, 987
and the user describes it as “behind me.” 988
Spatial mapping rules indicate behind 989
= East when the user is facing West. 990
Therefore, the user is facing West. 991

Step 3: Complete Chain-of-Thought Reason- 992

ing 993

Input. 994

Audio: I am at Academic Building A, 995
Student Activity Center 1 is in front 996
of me, Academic Building B is behind 997
me, Parking Lot 2 is on my left, 998
and Small Plaza 2 is on my right | 999
Coordinates: Academic Building A(7,1), 1000
Student Activity Center 1(6,1), Academic 1001
Building B(8,1), Parking Lot 2(7,0), 1002
Small Plaza 2(7,2) 1003

Output. 1004
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1. Step 1: Extract spatial relations1005

Spatial relation 1 = front, Reference landmark1006

1 = Student Activity Center 11007

Spatial relation 2 = behind, Reference land-1008

mark 2 = Academic Building B1009

Spatial relation 3 = left, Reference landmark1010

3 = Parking Lot 21011

Spatial relation 4 = right, Reference landmark1012

4 = Small Plaza 21013

2. Step 2: Calculate absolute directions1014

Reference landmark 1 = Student Activity Cen-1015

ter 1, Direction vector: (6,1) - (7,1) = (-1,0),1016

Direction = West1017

Reference landmark 2 = Academic Building1018

B, Direction vector: (8,1) - (7,1) = (1,0), Di-1019

rection = East1020

Reference landmark 3 = Parking Lot 2, Direc-1021

tion vector: (7,0) - (7,1) = (0,-1), Direction =1022

South1023

Reference landmark 4 = Small Plaza 2, Direc-1024

tion vector: (7,2) - (7,1) = (0,1), Direction =1025

North1026

3. Step 3: Infer user orientation1027

Student Activity Center 1 is to the West, and1028

the user describes it as “in front of me.” Spa-1029

tial mapping rules indicate front = West when1030

the user is facing West.1031

Academic Building B is to the East, and the1032

user describes it as “behind me.” Spatial map-1033

ping rules indicate behind = East when the1034

user is facing West.1035

Parking Lot 2 is to the South, and the user1036

describes it as “on my left.” Spatial mapping1037

rules indicate left = South when the user is1038

facing West.1039

Small Plaza 2 is to the North, and the user1040

describes it as “on my right.” Spatial mapping1041

rules indicate right = North when the user is1042

facing West.1043

Therefore, the user is facing West.1044

A.3.2 Baseline Evaluation Prompts1045

Training data format. All training uses the1046

LLaMA chat template with Traditional Chinese in-1047

puts and outputs, as Taiwan-LLM-13B-v2.0-Chat1048

is optimized for Traditional Chinese. All training1049

and evaluation were conducted in Traditional Chi-1050

nese. The prompts below are English translations1051

for clarity and reproducibility.1052

B1: Zero-shot baseline1053

Question: Audio: I am at Gongguan MRT 1054
Exit 3, and Dormitory 2 is on my right | 1055
Coordinates: Gongguan_MRT_Exit_3(5,8), 1056
Dormitory_2(6,8) 1057
Which direction is the user facing? 1058
Please answer North, South, East, or 1059
West. 1060
Answer: 1061

B2: Few-shot prompting (no CoT) 1062

Instruction: Based on the audio 1063
description and coordinate information, 1064
determine which direction the user is 1065
facing. 1066

1067

Example: Audio: I am at the gym, and 1068
the pharmacy is in front of me | 1069
Coordinates: gym(4,6), pharmacy(4,7) 1070
Answer: North 1071

1072

Example: Audio: I am at the park, 1073
and the water park is behind me | 1074
Coordinates: park(0,0), water_park(0,1) 1075
Answer: South 1076

1077

Example: Audio: I am at the foundation, 1078
and the high school is on my right 1079
| Coordinates: foundation(0,7), 1080
high_school(0,6) 1081
Answer: East 1082

1083

Example: Audio: I am at the cooperative 1084
store, and the theater is on my left 1085
| Coordinates: cooperative_store(8,8), 1086
theater(8,7) 1087
Answer: West 1088

1089

Question: {user_input} 1090
Answer: 1091

B3: Few-shot prompting with CoT 1092

Instruction: Use three-step reasoning 1093
to determine the user’s facing 1094
direction given the audio description 1095
and coordinates. 1096

1097

Example 1 1098
Input: Audio: I am at the gym, and the 1099
pharmacy is in front of me | Coordinates: 1100
gym(4,6), pharmacy(4,7) 1101
Output: 1102
Step 1: Extract spatial relations 1103
Spatial relation = front 1104
Reference landmark = pharmacy 1105
Step 2: Calculate absolute directions 1106
Direction vector from gym to pharmacy: 1107
(4,7) - (4,6) = (0,1) 1108
Direction = North 1109
Step 3: Infer user orientation 1110
The pharmacy is to the North, and the 1111
user describes it as “in front of me.” 1112
Spatial mapping rules indicate front = 1113
North when the user is facing North. 1114
Therefore, the user is facing North. 1115

1116
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Example 21117
Input: Audio: I am at the park, and the1118
water park is behind me | Coordinates:1119
park(0,0), water_park(0,1)1120
Output:1121
Step 1: Extract spatial relations1122
Spatial relation = behind1123
Reference landmark = water park1124
Step 2: Calculate absolute directions1125
Direction vector from park to water1126
park: (0,1) - (0,0) = (0,1)1127
Direction = North1128
Step 3: Infer user orientation1129
The water park is to the North, and the1130
user describes it as “behind me.”1131
Spatial mapping rules indicate behind =1132
North when the user is facing South.1133
Therefore, the user is facing South.1134

1135

Now use the same three-step reasoning:1136
Input: {user_input}1137
Output:1138

B4: Fine-tuned direct classification1139

USER: {user_input}1140
ASSISTANT:1141

A.4 Controlled Linguistic Variation Details1142

A.4.1 Linguistic Variation (R1)1143

To analyze model behavior under natural linguistic1144

variations, we constructed test sets in Traditional1145

Chinese with diverse expression patterns, while1146

ensuring spatial semantics and orientation outputs.1147

Variation types1148

• Word order variations: sentence inversion,1149

argument permutation, and syntactic para-1150

phrasing.1151

• Synonym substitutions: spatial term substitu-1152

tion, position verb substitution, and landmark1153

term substitution.1154

A.4.2 Referential Ambiguity (R3)1155

We test the model’s ability to handle ambiguous or1156

underspecified references commonly encountered1157

in natural conversational navigation. In addition1158

to the variation types listed below, R3 includes1159

a subset of cases with vague directional expres-1160

sions (e.g., approximate or imprecise orientation1161

descriptions). For this subset, ground-truth orien-1162

tations are annotated as sets and evaluated using1163

set-based accuracy, while the remaining R3 cases1164

retain single-label evaluation.1165

Variation types1166

• Referential ambiguity: generic references1167

(“this building"), and demonstrative pronouns1168

(“that place").1169

Table 7: ASR error severity distribution with exact
counts.

Set Severity Count %

Main (Gongguan)

perfect 101 14.5
minor 222 31.9
moderate 258 37.1
major 102 14.7
severe 13 1.9

Cross-domain (Taipei)

perfect 143 26.5
minor 207 38.3
moderate 156 28.9
major 32 5.9
severe 2 0.4

• Incomplete utterances: disfluency (“I am 1170

at... um..."), uncertainty markers (“should 1171

be"), and hesitation patterns. 1172

• Semantic underspecification: vague loca- 1173

tion terms (“some building") and imprecise 1174

references (“over there"). 1175

Example of R3 test cases 1176

Original: Audio: I am at security 1177
office, and Dormitory 6 is behind me 1178
| Coordinates: security_office(7,3), 1179
dormitory_6(7,4) 1180

1181

Referential ambiguity: Audio: I am at 1182
this building, that dormitory is behind 1183
me | Coordinates: security_office(7,3), 1184
dormitory_6(7,4) 1185

1186

Incomplete utterance: Audio: I am 1187
at... um... security office, Dormitory 1188
6 should be behind | Coordinates: 1189
security_office(3,5), dormitory_6(3,4) 1190

1191

Semantic underspecification: Audio: I 1192
am at some place, that building over 1193
there is behind me | Coordinates: 1194
security_office(3,5), dormitory_6(3,4) 1195

A.5 ASR Error Severity Statistics 1196

Table 7 reports the distribution of ASR error sever- 1197

ity in both evaluation sets. 1198

A.6 Rule-based Solver Analysis 1199

To contextualize performance on COR, we imple- 1200

ment a deterministic rule-based solver as a refer- 1201

ence system. This solver provides a point of com- 1202

parison under clean text and helps illustrate how 1203

symbolic approaches behave when language input 1204

is affected by ASR noise. 1205
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Algorithm sketch. Given an ASR transcript and1206

landmark coordinates, the solver proceeds:1207

1. Extract egocentric relations (front, back, left,1208

right) and landmark names using pattern-1209

based and exact string matching.1210

2. For each extracted landmark, compute the rel-1211

ative coordinate vector and determine its abso-1212

lute direction using a dominant-axis heuristic.1213

3. Infer the user orientation by applying fixed1214

relative-to-absolute mapping rules (Table 1).1215

If any required landmark cannot be matched ex-1216

actly, the instance is treated as a failed extraction.1217

Observed behavior under ASR noise. Although1218

the solver attains high accuracy on clean text1219

(99.86%), its performance degrades substantially1220

on ASR-transcribed input. The primary source of1221

error is not geometric computation, but failures in1222

matching linguistic references under transcription1223

noise. Common issues include: (i) homophones1224

and character substitutions in landmark names; (ii)1225

truncation or merging of multi-character landmark1226

tokens; and (iii) inconsistent transcription of al-1227

phanumeric identifiers (e.g., numeric exits or store1228

indices). These mismatches often prevent land-1229

mark resolution, leading to errors in subsequent1230

orientation inference.1231

Discussion. The behavior of this solver high-1232

lights a central challenge addressed by COR. In1233

speech-mediated settings, errors frequently origi-1234

nate from noisy language input rather than from1235

spatial reasoning itself. As a result, approaches that1236

rely solely on exact string matching are brittle un-1237

der ASR transcription, motivating models that can1238

integrate linguistic context with spatial reasoning1239

when interpreting spoken navigation instructions.1240

A.7 Stage-wise Supervision and1241

Curriculum Design1242

We employ stage-wise supervision to stabilize the1243

learning of decomposed reasoning components,1244

rather than to encode or enforce deterministic map-1245

ping rules. In preliminary experiments, training all1246

reasoning steps jointly from scratch often resulted1247

in unstable behavior, such as frequent schema vio-1248

lations or premature guessing of final orientations1249

without forming consistent intermediate represen-1250

tations. Stage-wise supervision affects only the1251

sequence in which subtasks are introduced, while1252

keeping the data distribution and supervision sig- 1253

nals unchanged. Earlier stages focus on learning 1254

localized components (e.g., relation extraction and 1255

coordinate-based direction identification), which 1256

helps reduce interference between linguistic pro- 1257

cessing and geometric reasoning when later stages 1258

are trained end to end. 1259

Crucially, this curriculum does not introduce ad- 1260

ditional rules or constraints beyond those used to 1261

define the evaluation labels. The mapping rules in 1262

Table 1 specify the target orientation but are nei- 1263

ther executed nor enforced during inference. The 1264

model must still interpret noisy language input, re- 1265

solve landmark references under ASR transcription 1266

errors, and reconcile multiple spatial cues. Accord- 1267

ingly, stage-wise supervision should be understood 1268

as a means of stabilizing intermediate represen- 1269

tations, not as a mechanism for memorizing rule 1270

templates. In practice, removing early-stage super- 1271

vision primarily increases schema violations and 1272

inconsistency in intermediate steps, while having 1273

limited effect on final orientation accuracy. 1274
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