Egocentric Spatial Reference Resolution under ASR Noise in Traditional
Chinese Conversational Navigation

Anonymous ACL submission

Abstract

Resolving egocentric spatial expressions in
conversational navigation requires mapping
speaker-centric references such as “on my
right” to allocentric orientations (e.g., north,
east, south, west). In practice, this process is
often mediated by automatic speech recogni-
tion (ASR), where transcription errors, linguis-
tic variation, and referential ambiguity obscure
spatial relations. Despite progress in navigation
and multimodal reasoning, egocentric spatial
reference resolution under ASR-transcribed,
non-English conversational input remains un-
derexplored. We introduce Conversational Ori-
entation Reasoning (COR), a diagnostic bench-
mark for egocentric spatial reference resolution
in Traditional Chinese conversational naviga-
tion. COR pairs ASR-transcribed utterances
with structured landmark coordinates derived
from real-world environments, while control-
ling spatial geometry to isolate the effects of
spoken language noise. This enables evalua-
tion of transcription errors, linguistic variation,
and referential ambiguity beyond end-to-end
navigation success. Using COR, we study an
interpretable decomposition of orientation in-
ference into three steps: extracting spatial re-
lations, mapping landmark coordinates to ab-
solute directions, and inferring the speaker’s
orientation. Models following this decomposi-
tion achieve high performance on clean text and
retain high accuracy under ASR-transcribed in-
put, while unstructured baselines degrade sub-
stantially. COR supports analysis of failure
modes in spoken spatial reference resolution,
providing insights into how language ground-
ing degrades under noisy conversational input.

1 Introduction

Egocentric spatial reference resolution concerns
mapping speaker-centric expressions such as “the
exit is on my right” to allocentric orientations in-
cluding north, south, east, and west, and is funda-
mental to conversational navigation and spoken lan-

guage understanding. In realistic settings, this pro-
cess is often mediated by automatic speech recogni-
tion (ASR), where transcription errors, disfluencies,
and referential ambiguity can obscure spatial rela-
tions and perspective cues. As a result, failures in
navigation systems frequently arise not from geo-
metric reasoning itself, but from misinterpretation
of egocentric language under noisy spoken input.

Despite growing interest in conversational navi-
gation systems (Sundar et al., 2024; Pareek et al.,
2024; Sheshadri and Hara, 2024; Kaniwa et al.,
2024; Liu et al., 2024; Levi and Kadar, 2025), most
existing approaches assume access to GPS signals,
detailed maps, or fixed global reference frames
(de Vries et al., 2018; Chen et al., 2020), primarily
focus on English-language inputs, and emphasize
end-to-end navigation success (Ghosh et al., 2024;
Tang et al., 2023). While effective in aggregate
performance, such formulations provide limited
diagnostic insight into how ASR-induced noise
and linguistic ambiguity affect the interpretation of
egocentric spatial references, particularly in non-
English conversational settings. In conversational
navigation, spoken Traditional Chinese commonly
exhibits fillers, discourse particles, and diverse real-
izations of spatial expressions, which can amplify
referential ambiguity under ASR.

Related progress in embodied AI, multimodal
chain-of-thought reasoning (Mu et al., 2023; Sun
et al., 2024; Liu et al., 2025; Shen et al., 2025),
and large audio-language models (Zhang et al.,
2023; Xie and Wu, 2024; Fu et al., 2025; Défos-
sez et al., 2024) has further advanced navigation,
planning, and speech processing, but typically as-
sumes known orientations or primarily focuses on
transcription, summarization, or intent-level tasks
(yu Huang et al., 2024; Yang et al., 2024; Wang
et al., 2025; Shi et al., 2025). Even recent speech-
based reasoning efforts such as Audio-CoT (Ma
et al., 2025) do not directly study egocentric spatial
reference resolution under ASR-mediated noise.



To address this gap, we introduce Conversational
Orientation Reasoning (COR), a diagnostic bench-
mark for egocentric spatial reference resolution
in Traditional Chinese conversational navigation.
COR pairs ASR-transcribed egocentric utterances
with structured landmark coordinates derived from
real-world urban layouts in Taiwan and projected
onto a grid representation. By intentionally con-
trolling spatial geometry, COR enables targeted
analysis of uncertainty introduced by spoken lan-
guage, including transcription errors, linguistic
variation, and referential ambiguity, rather than
approximating full navigation complexity. Using
COR, we analyze an interpretable decomposition of
orientation inference into spatial relation extraction,
coordinate-based direction identification, and final
orientation inference, enabling fine-grained exami-
nation of where and how errors arise. We evaluate
performance under clean text, ASR-transcribed in-
puts, and multiple evaluation conditions, including
unseen environments and ambiguous references.
Our study is guided by three research questions:

* RQ1 (Orientation inference performance).
How accurately can models resolve egocentric
spatial references into allocentric orientations
under ASR-transcribed input?

* RQ2 (Ablation studies). How do ASR-
transcribed input, spatial coordinates, and
structured output formats contribute to per-
formance under transcription noise?

¢ RQ3 (Evaluation under variation). How
does egocentric spatial reference resolution
behave under linguistic variation, referential
ambiguity, and unseen spatial environments?

Our contributions are threefold:

1. Benchmark. We introduce COR, a diagnos-
tic benchmark for egocentric-to-allocentric
spatial reference resolution under ASR-
transcribed Traditional Chinese conversa-
tional input.

2. Analysis framework. We use a structured
decomposition of orientation inference as an
analytic scaffold to examine how transcription
noise and linguistic ambiguity affect spatial
language grounding.

3. Empirical analysis. Through evaluations
across linguistic variation, referential ambi-
guity, and unseen spatial domains, we analyze

failure modes that are obscured by end-to-end
navigation metrics.

2 Related Work

2.1 Egocentric Spatial Language and
Conversational Navigation

Egocentric spatial reference resolution concerns
interpreting speaker-centric expressions into allo-
centric orientations with respect to a world-centric
reference frame. This problem is embedded in nat-
ural language navigation tasks, where agents fol-
low instructions or dialogues grounded in spatial
environments. Early benchmarks such as Room-
to-Room (R2R) (Anderson et al., 2018) and Co-
operative Vision-and-Dialog Navigation (CVDN)
(Thomason et al., 2019) focus on visually grounded
instruction following, while subsequent work ex-
tends navigation to urban and conversational set-
tings, including Talk the Walk (de Vries et al.,
2018) and Touchdown (Chen et al., 2020).

In these benchmarks, egocentric spatial language
is typically evaluated only through end-to-end nav-
igation success, making it difficult to isolate errors
arising from linguistic misinterpretation. Other
studies incorporate spatial representations, such as
panoramic orientation in Speaker-Follower models
(Fried et al., 2018), 3D scene graphs in Spatial-
RGPT (Cheng et al., 2024), and large-scale egocen-
tric visual data in Ego4D (Grauman et al., 2022).
Despite these advances, existing approaches gen-
erally assume known agent orientations or operate
over high-level action spaces, rather than evaluat-
ing the intermediate task of resolving egocentric
spatial references into allocentric orientations. As
a result, failures in egocentric spatial interpreta-
tion caused by spoken language noise are often
entangled with downstream perception or action
errors, and remain insufficiently characterized as a
standalone language understanding problem, par-
ticularly in non-English conversational settings.

2.2 Multimodal Chain-of-Thought Reasoning

Chain-of-thought (CoT) prompting encourages
models to generate intermediate reasoning steps
and has been shown to improve performance across
a wide range of reasoning tasks (Jin et al., 2024;
Wang et al., 2023; Prystawski et al., 2023; Tang
et al.,, 2023). Extensions to multimodal chain-
of-thought (MCoT) enable reasoning over lan-
guage, vision, and spatial inputs, allowing embod-
ied agents to decompose complex tasks into inter-



pretable subgoals. Representative systems include
EmbodiedGPT (Mu et al., 2023), E-CoT (Lin et al.,
2024), Emma-X (Sun et al., 2024), SpatialCoT (Liu
et al., 2025), and MCoCoNav (Shen et al., 2025).

Prior work primarily employs MCoT to improve
planning, action execution, or multimodal percep-
tion. In contrast, our work uses structured reason-
ing as an analytic scaffold to examine how ego-
centric spatial relations expressed in language are
transformed into allocentric orientation labels. This
perspective enables fine-grained analysis of spo-
ken language understanding failures under ASR-
induced corruption. COR serves as a controlled di-
agnostic setting for studying how spoken language
noise affects spatial reference resolution.

2.3 Spoken Language Understanding and
Audio-Language Models

Large audio-language models (LALMs) extend
language models with speech inputs and demon-
strate strong performance on transcription, classi-
fication, and dialogue tasks (Zhang et al., 2023;
Xie and Wu, 2024; Fu et al., 2025; Défossez et al.,
2024). Benchmarks such as SALMONN (Tang
et al., 2024), AudioBench (Wang et al., 2025), Air-
Bench (Yang et al., 2024), and Dynamic-SUPERB
(yu Huang et al., 2024) primarily evaluate speech
perception quality and end-to-end reasoning per-
formance. Audio-CoT (Ma et al., 2025) further
explores reasoning over speech-derived representa-
tions. In contrast to these efforts, our work focuses
on ASR-mediated language understanding rather
than acoustic modeling or speech recognition itself.
We treat ASR transcripts as a noisy textual modal-
ity and study how transcription errors and linguis-
tic ambiguity affect egocentric spatial reference
resolution when combined with structured spatial
inputs. This setting isolates downstream language
grounding errors introduced by ASR, complement-
ing existing audio-language benchmarks.

3 Method

This section defines the orientation reasoning task
and the controlled setting used in COR. We de-
scribe our stage-wise curriculum training procedure
and the structured output format used for inference
and analysis under ASR-transcribed inputs.

3.1 Overview

We study egocentric-to-allocentric orientation in-
ference in a controlled conversational navigation

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,
we generate an ASR transcript A’ using a text-to-
speech (TTS) and ASR pipeline. This introduces
controlled transcription noise while keeping the
underlying spatial semantics unchanged. The tran-
script A’ is paired with structured spatial coordi-
nates 1’ that describe the user position and nearby
landmarks. A model is trained to produce a struc-
tured reasoning trace and a final allocentric orien-
tation prediction D* € {north, east, south, west}.

As illustrated in Figure 1, our setup consists of
three components: (1) Speech synthesis and tran-
scription, which converts clean descriptions into
ASR transcripts; (2) Multimodal input prepara-
tion, which serializes transcripts and spatial coor-
dinates into a unified input; and (3) Orientation
inference, which predicts the allocentric orienta-
tion and optionally produces intermediate steps for
analysis. Unlike prior audio-language models that
emphasize transcription quality, we treat ASR out-
put as a noisy textual modality. This setup yields
ASR-transcribed inputs with a well-characterized
noise profile, enabling analysis of how transcription
errors affect downstream spatial reference resolu-
tion without introducing additional variability from
acoustic recording conditions.

3.2 Task Formulation

We study egocentric-to-allocentric orientation rea-
soning in a structured setting derived from the
Gongguan MRT area in Taiwan (Figure 2). Let A
denote a clean egocentric description, A’ its ASR
transcript, 7' the spatial coordinate input, and D*
the ground-truth allocentric orientation.



Environment. The real-world area is projected
into a discrete 10 x 10 Manhattan grid G. The
user position is u = (zy, y,,) € G, and landmarks
form a set £ = {¢;} with coordinates p(¢;) € G.
This representation intentionally removes geomet-
ric ambiguity (e.g., diagonal relations). By fixing
spatial geometry across instances, COR isolates un-
certainty arising from language interpretation and
transcription noise rather than spatial computation.

Egocentric description. Each instance contains
an egocentric spatial relation expressed in natural
language and a reference landmark ¢,.. For clear
directional expressions, the underlying egocentric
relation ¢ € {FRONT, BACK, LEFT, RIGHT} can be
uniquely identified. In addition, COR includes
vague directional expressions commonly observed
in conversational navigation, such as expressions
indicating approximate or imprecise orientation
(e.g., “slightly to the left front”, “roughly on the
left side”). For such cases, the egocentric relation
does not correspond to a single discrete direction.

After TTS and ASR, we obtain the transcript
A’. For example, the utterance “I am at Exit 2,
and restaurant 5 is on my right” implies that the
user is facing north, i.e., D* = north. In contrast,
utterances describing vague directions may admit
multiple plausible allocentric orientations.

Mapping rule (label protocol). The mapping
rules (Table 1) define the labeling protocol used
to derive allocentric orientations in COR. They
are not intended as a proposed solution. Instead,
they specify how geometric relations are fixed in
order to study language understanding under noise.
These rules are used only to derive ground-truth
labels and are never executed or enforced within
the model during inference.

Given the reference landmark /., we compute
the relative vector A = p(¢,)—u = (Az, Ay). The
absolute direction of the landmark is determined
by the dominant axis: east or west if [A,| > |A,],
and north or south otherwise, with the sign given
by A, or A,

For clear egocentric relations, the user orienta-
tion is derived by rotating the absolute landmark
direction according to the relation ¢, yielding a sin-
gle allocentric orientation. For vague directional
expressions, however, this procedure yields a set
of plausible allocentric orientations rather than a
unique label. Accordingly, the ground-truth orien-
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Figure 2: Task environment. Gongguan MRT area pro-
jected into a 10 x 10 grid map.

tation is annotated as a set
D* C {north, east, south, west},

reflecting intrinsic ambiguity in directional inter-
pretation.

Since the environment is a Manhattan grid with
only four cardinal neighbors, diagonal cases do
not occur. All ground-truth orientation sets are de-
rived from the same geometric protocol. While
the labeling rules are deterministic given a fixed
interpretation, the presence of vague directional
expressions results in inherently ambiguous orien-
tation annotations. Each instance is associated with
a step-by-step reasoning trace used to supervise the
structured output format. All automatically gener-
ated instances are verified by human annotators for
correctness.

Facing Front Back Right Left
North N S E A\
East E w S N
South S N W E
West A\ E N S

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

3.3 Training Procedure

We train Taiwan-LLM-13B-v2.0-Chat with a stage-
wise curriculum to stabilize learning of the decom-
posed inference steps. All training stages use clean
text inputs, while ASR-transcribed inputs are in-
troduced only at evaluation time to examine the
effects of transcription noise.

Stage-wise fine-tuning. Let f,i denote the
model at stage . Stage-wise supervision is used to



stabilize learning and to expose intermediate struc-
tures, rather than to encode or enforce the mapping
rules themselves. The curriculum controls the order
in which subtasks are introduced.

(S1) Relation extraction. The model extracts
the egocentric relation and reference landmark
from clean descriptions:

1 = foo (A) = (¢, 4r).

(S2) Coordinate-based direction identifica-
tion. The model infers the absolute direction from
user and landmark coordinates:

o = fou) (u, p(0r)) = davs € {N,E,S,W}.

(S3) Orientation inference. The final orien-
tation is inferred from the absolute direction and
egocentric relation:

r3 = f9(2)(dabsa Q) — ba

where D denotes a ranked list of allocentric orienta-
tions. For clear directional expressions, D contains
a single dominant orientation. For vague direc-
tional expressions, evaluation considers whether D
intersects with the ground-truth orientation set D*.
(S4) End-to-end integration. ASR transcripts
and coordinates are serialized into a single input:

M = “Audio: "+A'+“ | Coordinates: "+T,

where T serializes (u, {¢;, p(¢;)}) into tokens. The
model then generates a full reasoning trace:

S = f0(3)(M)a

which includes intermediate steps (1,72, 73) and
the final prediction D*. At inference time, the
model is not constrained to follow the intermedi-
ate steps. The structured output format is used to
facilitate analysis and error attribution.

Objective. Training supervision is applied to
both intermediate steps and final predictions:
S|
L= —ZIOgP(St | S<t,M).
t=1

4 Experimental Results

4.1 Dataset

We evaluate on the Conversational Orientation
Reasoning (COR) benchmark, which targets
egocentric-to-allocentric orientation inference in

conversational navigation. COR contains 4,600
instances. Each instance consists of (i) an egocen-
tric utterance in Traditional Chinese, (ii) structured
landmark coordinates on a discrete grid, and and
(iii) a cardinal orientation label or set of labels.
A step-by-step reasoning trace is additionally pro-
vided to supervise the structured output format.

To simulate speech-driven conditions while
maintaining experimental control, we synthesize
speech from clean utterances and transcribe it using
an ASR system to obtain noisy transcripts. This
ASR-mediated setup introduces transcription noise
without altering the underlying spatial semantics.
All instances are generated from the grid-based la-
beling protocol (Table 1) and verified by human
annotators for correctness.

Data splits. COR is divided into 3,216 training,
688 validation, and 696 test examples. Models are
fine-tuned using clean text only, while ASR tran-
scripts are introduced at evaluation time. To ensure
coverage across spatial relations, the training set is
balanced over combinations of egocentric relations:
each single relation (front/back/left/right) contains
320 utterances, while each double-, triple-, and
quadruple-relation combination contains 280 utter-
ances. A subset of 400 examples introduces con-
trolled linguistic variations (e.g., synonym substitu-
tions and word-order changes), distributed across
splits. The test sets reflect multilingual characteris-
tics common in Taiwan: English landmark names
appear in 4.7% of the main test samples and 46.5%
of the cross-domain samples, with occasional sim-
plified Chinese variants introduced by ASR.

Evaluation subsets. Beyond the main test set
(696 examples from the Gongguan area), we con-
struct two additional evaluation sets for RQ3: (1)
Cross-domain (540 examples), projected into a
10 x 10 grid from the unseen Taipei Station area
(Figure 4); and (2) Referential ambiguity (200 ex-
amples), which include ambiguous references, dis-
fluent or incomplete utterances, and semantically
underspecified mentions.

ASR error profile. Figure 3 shows the ASR er-
ror severity distribution across the main and cross-
domain test sets. Exact counts are provided in
Appendix 5 (Table 7).

Example. “I am at Gongguan MRT Exit 2, and
restaurant 5 is on my right” — Label: North.
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Figure 3: ASR error severity distribution in the two
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Figure 4: Cross-domain evaluation environment. Taipei
Station area projected into a 10 x 10 grid.

4.2 Orientation inference performance (RQ1)

We report orientation accuracy as the primary met-
ric, defined as the proportion of predictions match-
ing the ground-truth orientation. For methods that
generate reasoning traces, we additionally report
reasoning quality, measured as the match rate of
intermediate steps (range 0—1, higher is better), and
format error rate, defined as the proportion of out-
puts violating the expected schema.

Rule-based baseline. We implement a determin-
istic baseline that (i) extracts relation—landmark
pairs using pattern matching over the transcript
and (ii) applies the fixed mapping rules in Table 1.
On clean text, this baseline achieves 99.86% ac-
curacy, indicating that orientation labels can be re-
covered when linguistic input is error-free. Under
ASR-transcribed input, however, accuracy drops
to 39.51%, with 40.80% of cases failing at the ex-
traction stage, primarily due to landmark string
corruption such as homophones and character sub-
stitutions. This contrast illustrates the sensitivity of
string-based extraction to transcription noise and
motivates the use of learning-based models for han-
dling noisy spatial language. Table 2 summarizes
results across baselines and our method.

ID Method Input Acc. Err
BO Rule-based Clean 99.86 -
ASR  39.51 -
B1 Zero-shot Clean 25.0 5.2
B2 Few-shot (no CoT) Clean 259 4.7
B3 Few-shot (CoT) Clean 21.1 39.2
B4 Fine-tuned Clean 12.8 504
B5 MCoT (ours) Clean 100.0 0.0
ASR 981 0.0

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

Quantitative Results. The curriculum-trained
model achieves 100.0% accuracy on clean inputs
and 98.1% accuracy on ASR-transcribed inputs. As
shown in Table 2, its performance exceeds that of
non-CoT baselines under both settings. In contrast,
the rule-based baseline performs reliably on clean
text but fails in a large fraction of ASR-transcribed
cases due to its sensitivity to landmark string cor-
ruption. A detailed analysis of the rule-based solver
is provided in Appendix A.6.

The experimental design intentionally isolates
linguistic grounding under ASR noise by fixing
the geometric environment and excluding ambigu-
ous spatial configurations. As evidenced by the
rule-based baseline, even with access to the same
geometric protocol, performance degrades sharply
under ASR corruption, suggesting that the domi-
nant challenge lies in resolving noisy spoken refer-
ences rather than spatial computation. Our model
does not have access to the labeling rules used
to generate orientation annotations. It learns to
map noisy utterances to egocentric spatial relations
through decomposition and constrained reasoning.
This design accounts for the observed performance
while preserving failure modes under ASR noise.
We observe that direct classification baselines, in-
cluding fine-tuned variants, perform poorly under
ASR noise due to frequent output format violations
and confusion between relational and orientation
supervision, further motivating our decomposition-
based approach that separates relation extraction
from constrained orientation inference.

4.3 Qualitative Analysis of Failure Modes

To characterize the linguistic bottleneck, we exam-
ine the reasoning traces produced by our MCoT
model. We categorize failures into three primary
modes: Direction, Relation, and ASR errors. Ta-
ble 3 summarizes their definitions, and we provide



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.

Direction Understanding Error

Model Input

Audio: “FCBIFETEEILFEVES2HT - FHTEEHES » 28 G AL EUES3 ™
Coordinates: & 1LENES2H C1(4,4), #MES(4,5), EILHENES3HICI(3,4)
FSTREL: {of P TR RAVARME O 16 2 5280 e
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Final answer: 5 /7 X

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

one representative example for each type below.

Direction Understanding. This is the most fre-
quent mode (9 cases), where the model correctly
extracts relations and computes directions but fails
the final mapping logic. As shown in Figure 5,
the model correctly identifies that the landmark is
North of the user (Step 2) but incorrectly applies
the rotation rule in Step 3, concluding that facing
South would place North on the user’s “left”. This
suggests that egocentric-to-allocentric transforma-
tion remains a challenge for LLMs even when geo-
metric inputs are accurate.

Relation Extraction. These errors (2 cases) oc-
cur when the model fails to extract all mentioned
landmarks or misattributes them to the wrong spa-
tial relations. As illustrated in Figure 6, the model
omits a key landmark from the noisy transcript
and incorrectly pairs the remaining ones with the
wrong egocentric directions (e.g., assigning “left”
to a landmark that was described as “in front”).
This highlights the challenge of maintaining ref-
erential integrity when the model must parse long
and disfluent ASR outputs.

ASR Misrecognition. Phonetic corruption can
lead to semantic inconsistencies that propagate
through the reasoning trace (3 cases). In Figure 7,

Relation Extraction Error

Model Input

Audio: “EHFAHEL L » FIEEEILEMSIH » B RS AERH
LB BT

Coordinates: /AEE152(3,3), GALENES3H 1 (3,4), A ILHEIEKTH [1(2,3), B

ffE1(4,3)
FETREL: 5 P TR T ) 2 ST
Model Output
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BF  tEEHTTE

SEHEI=EILEESIH O A2 E| A LB O T EEE © G4)-
(3,3)=(0,)) > 75 < LT3

SEMFD=HBMRE] > WAEMEEE R &IE 1T EEE © 4.3)-3,3)=(1,0)
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& ¢ EREESIR

Final answer: B 75 X

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

ID Setting Acc. Err.
Al Clean text only 250 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-
homophone “yin-liu-dian” and “bakery” to “nian-
bao-dian”. As a result, the model incorrectly maps
multiple distinct spatial relations (e.g., both “front”
and “back”) to the same corrupted landmark name
in Step 1. While this introduces a logical con-
tradiction, the model often attempts to reconcile
these by assigning different coordinates to the same
corrupted string in Step 2 to maintain a plausible
orientation inference.

4.4 Ablation studies (RQ2)

We conduct ablation studies to assess the contribu-
tions of ASR transcripts, spatial coordinates, and
structured chain-of-thought reasoning. Results are
reported in Table 4.

Findings. Adding spatial coordinates to ASR
transcripts (A2—A3) improves accuracy by 10.2
points while substantially reducing format errors.
Introducing structured chain-of-thought reasoning
on top of multimodal inputs (A3—A4) yields over
70 points in accuracy and eliminates format errors.
These results indicate that the structured decompo-
sition is critical for stabilizing egocentric spatial



ASR Misrecognition Error

Model Input
Audio: “ZBIELELNEH  FIEHES EEY » RIEHEIS] » ZB e i3 »
429827
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Figure 7: ASR misrecognition error with original Tradi-
tional Chinese model output (ASR-transcribed).

interpretation under transcription noise.

4.5 Evaluation under variation (RQ3)

Unlike referential ambiguity caused by underspec-
ified landmarks, vague directional expressions in-
troduce intrinsic ambiguity in orientation. In COR,
such vague directional expressions constitute a
subset of the referential ambiguity setting (R3).
For this subset, ground-truth annotations are rep-
resented as orientation sets and evaluated using
set-based accuracy, while the remaining referential
ambiguity cases retain single-label evaluation.

We evaluate model behavior under three sources
of variation: linguistic variation (R1), unseen spa-
tial environments (R2), and referential ambiguity
(R3). Results are summarized in Table 5, with
detailed experimental configurations provided in
Appendix A.4. Across R1-R3, the model produces
well-formed outputs with no format violations, and
reasoning traces remain consistent across condi-
tions. In the cross-domain setting (R2), 29 errors
are observed, the majority of which involve direc-
tion understanding (22/29), followed by ASR mis-
recognition effects (6/29) and relation extraction
errors (1/29). Performance under linguistic varia-
tion (R1) and referential ambiguity (R3) exhibits
similar error patterns but with fewer total errors.

5 Conclusion and Limitations

Conclusion. This paper examined egocentric-to-
allocentric orientation reasoning in conversational

ID Setting Acc. Err
R1 Linguistic variation 100.0 0.0
R2  Cross-domain 946 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-
duced the Conversational Orientation Reasoning
(COR) benchmark, a controlled diagnostic setting
for studying the effects of transcription noise and
linguistic ambiguity in Traditional Chinese. We de-
composed orientation inference into relation extrac-
tion, coordinate-based direction identification, and
final orientation inference. Results show that mod-
els trained with this structured format achieve high
accuracy on clean text and maintain high accuracy
under ASR-transcribed input. Beyond end-to-end
accuracy, COR supports fine-grained error analysis,
revealing that failures in spoken navigation often
stem from language grounding issues.

We further compared learning-based models
with a deterministic rule-based solver that directly
applies the benchmark’s construction rules. While
the rule-based solver performs reliably on clean
text, its accuracy degrades substantially under ASR
noise. In contrast, learning-based models exhibit
different error patterns and produce interpretable
intermediate outputs that facilitate error attribution,
highlighting COR’s value as a diagnostic bench-
mark beyond aggregate accuracy.

Limitations and future work. COR adopts a dis-
crete 10x 10 Manhattan grid with axis-aligned land-
marks, simplifying spatial geometry and excluding
diagonal or continuous relations. ASR noise is in-
troduced via a TTS-to-ASR pipeline for controlled
analysis, but does not capture the full variability
of spontaneous speech, such as prosody, accent
variation, or disfluencies. Additionally, while COR
focuses on Traditional Chinese to address an under-
explored non-English setting, broader multilingual
coverage remains open. Future work will extend
COR to richer spatial configurations, more realis-
tic speech conditions, and broader linguistic and
interaction-centric evaluations, including conversa-
tional clarification under ambiguous references.
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A.1 Error taxonomy and Examples

Note on reasoning traces. The intermediate rea-
soning steps shown in this section are generated
by the model and are not externally verified or
enforced at inference time. We include these rea-
soning traces to facilitate qualitative analysis and
error attribution, rather than to claim strict faithful-
ness between the intermediate steps and the final
prediction. In particular, a correct final orientation
does not require all intermediate steps to be correct,
and conversely, errors may arise even when earlier
steps appear plausible.

A.1.1 Direction Understanding Error

Error Analysis. The model correctly extracted
relations and computed absolute directions but in-
correctly applied spatial mapping rules in the final
step, concluding the user faces South. Figure 5
shows the original output.

Input.
Audio: I am at Taipei Main Station
Exit S2, restaurant 5 is in front
of me, and Taipei Main Station Exit
S3 is on my 1left | Coordinates:

Taipei_Main_Station_Exit_S2(4,4),
restaurant_5(4,5),
Taipei_Main_Station_Exit_S3(3,4)

Model Output.

1. Step 1: Extract spatial relations
Spatial relation 1 = front, landmark = restau-
rant 5
Spatial relation 2 = left, landmark = Taipei
Main Station Exit S3

Step 2: Calculate absolute directions
Reference landmark 1 = restaurant 5, Direc-
tion vector from Taipei Main Station Exit S2
to restaurant 5: (4,5)-(4,4) = (0,1), Direction
= North
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Reference landmark 2 = Taipei Main Station
Exit S3, Direction vector from Taipei Main
Station Exit S2 to Taipei Main Station Exit
S3: (3,4)-(4,4) = (-1,0), Direction = West

. Step 3: Infer user orientation

Restaurant 5 is to the North and the user de-
scribes it as “on my left”. Spatial mapping
rules indicate left = North when the user is
facing South.

Taipei Main Station Exit S3 is to the West and
the user describes it as “on my left”. Spatial
mapping rules indicate left = West when the
user is facing South.

Final Answer. The user is facing South.

A.1.2 Relation Extraction Error

Error Analysis. The model incorrectly extracted
spatial relations from the input, misidentifying
which landmark corresponds to which direction.
Figure 6 shows the original output.

Input.

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

Model Output.

1. Step 1: Extract spatial relations

Spatial relation 1 = left, landmark = Taipei
Main Station Exit S3

Spatial relation 2 = right, landmark = sports
store 1

. Step 2: Calculate absolute directions
Reference landmark 1 = Taipei Main Station
Exit S3, Direction vector from bus stop 2 to
Taipei Main Station Exit S3: (3,4)-(3,3) =
(0,1), Direction = North

Reference landmark 2 = sports store 1, Direc-
tion vector from bus stop 2 to sports store 1:
(4,3)-(3,3) = (1,0), Direction = East

. Step 3: Infer user orientation

Taipei Main Station Exit S3 is to the North
and the user describes it as “on my left”. Spa-
tial mapping rules indicate left = North when
the user is facing South.
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Sports store 1 is to the East and the user de-
scribes it as “on my right”. Spatial mapping
rules indicate right = East when the user is
facing South.

Final Answer. The user is facing South.

A.1.3 ASR Misrecognition Error

Error Analysis. ASR misrecognition caused the
model to incorrectly map multiple spatial relations
to the same landmark, leading to inconsistent rea-
soning. Figure 7 shows the original output.

Input.

Audio: I am at park 4, yin-liu-dian
4 is in front of me, 981 is behind

me, nian-bao-dian 3 is on my left, and
982 is on my right | Coordinates:
park_4(8,5), drink_shop_4(7,5),
bar_1(9,5), bakery_3(8,4), bar_2(8,6)

Model Output.

1. Step 1: Extract spatial relations

Spatial relation 1 = front, reference landmark
= yin-liu-dian 4

Spatial relation 2 = back, reference landmark
= yin-liu-dian 4

Spatial relation 3 = left, reference landmark =
nian-bao-dian 3

Spatial relation 4 = right, reference landmark
= bar 2

2. Step 2: Calculate absolute directions
Reference landmark 1 = yin-liu-dian 4, Di-
rection vector from park 4 to yin-liu-dian 4:
(8,5)-(7,5) = (1,0), Direction = East
Reference landmark 2 = drink shop 4, Direc-
tion vector from park 4 to drink shop 4: (7,5)-
(8,5) = (-1,0), Direction = West
Reference landmark 3 = nian-bao-dian 3, Di-
rection vector from park 4 to nian-bao-dian 3:
(8,4)-(8,5) = (0,-1), Direction = South
Reference landmark 4 = bar 2, Direction vec-
tor from park 4 to bar 2: (8,6)-(8,5) = (0,1),
Direction = North

3. Step 3: Infer user orientation

Yin-liu-dian 4 is to the East and the user de-
scribes it as “in front of me”. Spatial mapping
rules indicate front = East when the user is
facing East.

Drink shop 4 is to the West and the user de-
scribes it as “behind me”. Spatial mapping
rules indicate back = West when the user is



Table 6: Training and ASR preprocessing details.

Model Taiwan-LLM-13B-v2.0-Chat
Fine-tuning LoRA (4-bit)

Rank / o/ Dropout 16 /32/0.05

Optimizer AdamW (5 x 1079)

Batch / Accum. 1/32

Precision bfloat16

Hardware NVIDIA A100

ASR Whisper-base (zh), greedy
Audio 16 kHz mono

Metric CER (TTS—ASR)

facing East.

Nian-bao-dian 3 is to the South and the user
describes it as “on my left”. Spatial mapping
rules indicate left = South when the user is
facing East.

Bar 2 is to the North and the user describes
it as “on my right”. Spatial mapping rules
indicate right = North when the user is facing
East.

Final Answer. East

A.2 Implementation Details for the
Experiments

Model Architecture. We use Taiwan-LLM-13B-
v2.0-Chat as the base model with LoRA fine-tuning
under 4-bit quantization (rank » = 16, a = 32,
dropout rate 0.05).

Training Parameters. All experiments run for 5
epochs with batch size 1 and gradient accumulation
steps of 32. The learning rate is set to 5 x 1072,
with a maximum sequence length of 768 tokens.
Training is conducted in bfloat16 mixed precision
on NVIDIA A100 GPUs.

Data Format. Inputs follow the LLaMA chat
template, combining ASR transcripts and spatial
coordinates. The model is trained to output struc-

tured three-step reasoning traces aligned with the
MCoT design.

ASR Preprocessing. Speech inputs were tran-
scribed with Whisper-base (zh) using greedy de-
coding (temperature 0, no beam search) on 16 kHz
mono audio. We report character error rate (CER)
on the TTS— ASR loop as a proxy of noise, rather
than Whisper’s internal probabilities. TTS was
used solely to synthesize controlled variants for
evaluation experiments.

A.3 Full Prompts

A.3.1 Training Prompts

Step 0: Spatial Relation Extraction

Task. Extract all spatial relations and reference
landmarks from the following sentence.

Input. “I am at Gongguan MRT Exit 1, Restau-
rant 4 is in front of me, Gongguan MRT Exit 2
is behind me, Bus Stop 1 is on my left, and Bike
Rental Station 3 is on my right.”

Output.

Spatial relation 1 = front, Reference
landmark 1 = Restaurant 4

Spatial relation 2 = behind, Reference
landmark 2 = Gongguan MRT Exit 2

Spatial relation 3 = left, Reference
landmark 3 = Bus Stop 1
Spatial relation 4 = right, Reference

landmark 4 = Bike Rental Station 3

Step 1: Vector Direction Learning
Input.

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

Output.

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

Step 2: Orientation Inference

Task. Infer user orientation based on the land-
mark absolute direction and spatial relation.

Input.

Landmark absolute direction = East
Spatial relation = behind

Output.

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

Step 3: Complete Chain-of-Thought Reason-
ing
Input.

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

Output.



1. Step 1: Extract spatial relations
Spatial relation 1 = front, Reference landmark
1 = Student Activity Center 1
Spatial relation 2 = behind, Reference land-
mark 2 = Academic Building B
Spatial relation 3 = left, Reference landmark
3 = Parking Lot 2
Spatial relation 4 = right, Reference landmark
4 = Small Plaza 2

2. Step 2: Calculate absolute directions
Reference landmark 1 = Student Activity Cen-
ter 1, Direction vector: (6,1) - (7,1) = (-1,0),
Direction = West
Reference landmark 2 = Academic Building
B, Direction vector: (8,1) - (7,1) = (1,0), Di-
rection = East
Reference landmark 3 = Parking Lot 2, Direc-
tion vector: (7,0) - (7,1) = (0,-1), Direction =
South
Reference landmark 4 = Small Plaza 2, Direc-
tion vector: (7,2) - (7,1) = (0,1), Direction =
North

3. Step 3: Infer user orientation
Student Activity Center 1 is to the West, and
the user describes it as “in front of me.” Spa-
tial mapping rules indicate front = West when
the user is facing West.
Academic Building B is to the East, and the
user describes it as “behind me.” Spatial map-
ping rules indicate behind = East when the
user is facing West.
Parking Lot 2 is to the South, and the user
describes it as “on my left.” Spatial mapping
rules indicate left = South when the user is
facing West.
Small Plaza 2 is to the North, and the user
describes it as “on my right.” Spatial mapping
rules indicate right = North when the user is
facing West.
Therefore, the user is facing West.

A.3.2 Baseline Evaluation Prompts

Training data format. All training uses the
LLaMA chat template with Traditional Chinese in-
puts and outputs, as Taiwan-LLM-13B-v2.0-Chat
is optimized for Traditional Chinese. All training
and evaluation were conducted in Traditional Chi-
nese. The prompts below are English translations
for clarity and reproducibility.
B1: Zero-shot baseline
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Question: Audio: I am at Gongguan MRT
Exit 3, and Dormitory 2 is on my right
Coordinates: Gongguan_MRT_Exit_3(5,8),
Dormitory_2(6,8)

Which direction is the user facing?
Please answer North, South, East, or
West.

Answer:

B2: Few-shot prompting (no CoT)

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

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

Example: Audio: I am at the park,
and the water park is behind me
Coordinates: park(9,0), water_park(o,1)
Answer: South

Example: Audio: I am at the foundation,
and the high school is on my right
| Coordinates: foundation(0,7),
high_school(0,6)

Answer: East

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

Question: {user_input}
Answer:

B3: Few-shot prompting with CoT

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

Example 1

Input: Audio: I am at the gym, and the
pharmacy is in front of me | Coordinates:
gym(4,6), pharmacy(4,7)

Output:

Step 1: Extract spatial relations
Spatial relation = front

Reference landmark = pharmacy

Step 2: Calculate absolute directions
Direction vector from gym to pharmacy:
(4,7) - (4,6) = (0,1)

Direction = North

Step 3: Infer user orientation

The pharmacy is to the North, and the
user describes it as “in front of me.”
Spatial mapping rules indicate front =
North when the user is facing North.
Therefore, the user is facing North.



Example 2

Input: Audio: I am at the park, and the
water park is behind me | Coordinates:
park(@,0), water_park(o,1)

Output:

Step 1: Extract spatial relations
Spatial relation = behind

Reference landmark = water park

Step 2: Calculate absolute directions
Direction vector from park to water
park: (0,1) - (0,0) = (0,1)

Direction = North

Step 3: Infer user orientation

The water park is to the North, and the
user describes it as “behind me.”
Spatial mapping rules indicate behind =
North when the user is facing South.
Therefore, the user is facing South.

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

B4: Fine-tuned direct classification

USER: {user_input}
ASSISTANT:

A.4 Controlled Linguistic Variation Details

A.4.1 Linguistic Variation (R1)

To analyze model behavior under natural linguistic

variations, we constructed test sets in Traditional

Chinese with diverse expression patterns, while

ensuring spatial semantics and orientation outputs.
Variation types

¢ Word order variations: sentence inversion,
argument permutation, and syntactic para-
phrasing.

* Synonym substitutions: spatial term substitu-
tion, position verb substitution, and landmark
term substitution.

A.4.2 Referential Ambiguity (R3)

We test the model’s ability to handle ambiguous or
underspecified references commonly encountered
in natural conversational navigation. In addition
to the variation types listed below, R3 includes
a subset of cases with vague directional expres-
sions (e.g., approximate or imprecise orientation
descriptions). For this subset, ground-truth orien-
tations are annotated as sets and evaluated using
set-based accuracy, while the remaining R3 cases
retain single-label evaluation.
Variation types

* Referential ambiguity: generic references
(“this building"), and demonstrative pronouns
(“that place").
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Table 7: ASR error severity distribution with exact
counts.

Set Severity ~ Count %
perfect 101 145
minor 222 319
Main (Gongguan) moderate 258 37.1
major 102 147
severe 13 1.9
perfect 143 265
minor 207 383
Cross-domain (Taipei) moderate 156 289
major 32 59
severe 2 0.4

* Incomplete utterances: disfluency (“I am
at... um..."), uncertainty markers (“should
be"), and hesitation patterns.

* Semantic underspecification: vague loca-
tion terms (“‘some building") and imprecise
references (“over there").

Example of R3 test cases

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

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

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

Semantic underspecification: Audio: I
am at some place, that building over
there is behind me | Coordinates:

security_office(3,5), dormitory_6(3,4)

A.5 ASR Error Severity Statistics

Table 7 reports the distribution of ASR error sever-
ity in both evaluation sets.

A.6 Rule-based Solver Analysis

To contextualize performance on COR, we imple-
ment a deterministic rule-based solver as a refer-
ence system. This solver provides a point of com-
parison under clean text and helps illustrate how
symbolic approaches behave when language input
is affected by ASR noise.



Algorithm sketch. Given an ASR transcript and
landmark coordinates, the solver proceeds:

1. Extract egocentric relations (front, back, left,
right) and landmark names using pattern-
based and exact string matching.

For each extracted landmark, compute the rel-
ative coordinate vector and determine its abso-
lute direction using a dominant-axis heuristic.

Infer the user orientation by applying fixed
relative-to-absolute mapping rules (Table 1).

If any required landmark cannot be matched ex-
actly, the instance is treated as a failed extraction.

Observed behavior under ASR noise. Although
the solver attains high accuracy on clean text
(99.86%), its performance degrades substantially
on ASR-transcribed input. The primary source of
error is not geometric computation, but failures in
matching linguistic references under transcription
noise. Common issues include: (i) homophones
and character substitutions in landmark names; (ii)
truncation or merging of multi-character landmark
tokens; and (iii) inconsistent transcription of al-
phanumeric identifiers (e.g., numeric exits or store
indices). These mismatches often prevent land-
mark resolution, leading to errors in subsequent
orientation inference.

Discussion. The behavior of this solver high-
lights a central challenge addressed by COR. In
speech-mediated settings, errors frequently origi-
nate from noisy language input rather than from
spatial reasoning itself. As a result, approaches that
rely solely on exact string matching are brittle un-
der ASR transcription, motivating models that can
integrate linguistic context with spatial reasoning
when interpreting spoken navigation instructions.

A.7 Stage-wise Supervision and
Curriculum Design

We employ stage-wise supervision to stabilize the
learning of decomposed reasoning components,
rather than to encode or enforce deterministic map-
ping rules. In preliminary experiments, training all
reasoning steps jointly from scratch often resulted
in unstable behavior, such as frequent schema vio-
lations or premature guessing of final orientations
without forming consistent intermediate represen-
tations. Stage-wise supervision affects only the
sequence in which subtasks are introduced, while
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keeping the data distribution and supervision sig-
nals unchanged. Earlier stages focus on learning
localized components (e.g., relation extraction and
coordinate-based direction identification), which
helps reduce interference between linguistic pro-
cessing and geometric reasoning when later stages
are trained end to end.

Crucially, this curriculum does not introduce ad-
ditional rules or constraints beyond those used to
define the evaluation labels. The mapping rules in
Table 1 specify the target orientation but are nei-
ther executed nor enforced during inference. The
model must still interpret noisy language input, re-
solve landmark references under ASR transcription
errors, and reconcile multiple spatial cues. Accord-
ingly, stage-wise supervision should be understood
as a means of stabilizing intermediate represen-
tations, not as a mechanism for memorizing rule
templates. In practice, removing early-stage super-
vision primarily increases schema violations and
inconsistency in intermediate steps, while having
limited effect on final orientation accuracy.



