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Abstract

The end-to-end Large Speech-Language Mod-
els (LSLMs) have been revolutionizing the clas-
sic and hierarchy-based spoken dialogue sys-
tems because of their potential in latency reduc-
tion, seamless modality integration, and unified
optimization across speech understanding, lan-
guage reasoning, and speech generation. How-
ever, these models lack a systematic evalua-
tion in “Robust Spoken Pragmatics”, the ability
to infer a speaker’s frue communicative intent
by jointly interpreting the literal words, their
acoustic realization, and the dynamic context
of the interaction. To address this critical eval-
uation gap, we introduce, for the first time to
the best of our knowledge, a Benchmark for
Robust Spoken Pragmatics in LSLMs. It con-
sists of five primary evaluation scenarios (i.e.,
Contextual Auditory Attention, Dynamic Ad-
dressee Tracking, Atypical Reference Resolu-
tion, Prosodic Disambiguation, and Nonliteral
Intent Recognition), encompassing 11 subtasks
in total. Through extensive experiments on nine
mainstream LSLMs, we uncover a significant
performance bottleneck: although these mod-
els demonstrate strong downstream reasoning
and generation capabilities, their limitations in
handling fundamental spoken pragmatic chal-
lenges critically constrain their overall interac-
tional effectiveness. They often misinterpret
the core communicative intent, resulting in re-
sponses grounded in incorrect assumptions. We
will release our benchmark to facilitate further
research into building more robust and interac-
tionally intelligent LSLMs.

1 Introduction

Large Speech-Language Models (LSLMs) have
made revolutionary progress (Ji et al., 2024; Feng
et al., 2025). These advances paint a grand vi-
sion for the future of human-computer interac-
tion: humans interacting solely through speech
with a model capable of deep understanding and
proactive communication (Cao, 2025). To measure

progress towards this goal, a handful of evalua-
tion benchmarks have been proposed. Their eval-
uation focus has expanded from early fundamen-
tal speech (Yang et al., 2021) to encompass voice
question-answering (Yang et al., 2024), paralin-
guistic information perception (Ao et al., 2024),
and even deep reasoning capabilities for complex
problems (Yang et al., 2025; Ma et al., 2025).
Despite the evolving scope and depth of these
evaluations, the primary focus of existing bench-
marks remains on the model’s task fulfillment un-
der idealized inputs. However, in real-world inter-
actions, speech signals are far more complex and
ambiguous than in these controlled tests (Maase
et al., 2003; Li et al., 2014). The significant gap
between existing benchmarks and real-world sce-
narios reveals a fragile, underlying assumption they
all rely on: that all speech received by the model
should be treated as interactional content that is
directly addressed to it and carries explicit intent.
To bridge this gap, we argue that to achieve
robust real-world interaction, LSLMs must mas-
ter a critical dimension of human communication
often overlooked: Spoken Pragmatics. We de-
fine this as the ability to infer a speaker’s true
communicative intent by jointly interpreting the
literal words, their acoustic realization, and the dy-
namic context of the interaction. This capability
can be understood through a hierarchical frame-
work that mirrors the human process of auditory
understanding (Allen et al., 2001). To this end,
we introduce a hierarchical evaluation benchmark
for Robust Spoken Pragmatics (RSP-Bench), a
hierarchical evaluation framework structured into
three progressive layers of pragmatic competence.
Specifically, the foundational layer of Perceptual
Pragmatics focuses on parsing the raw acoustic
scene to distinguish relevant speech from irrele-
vant background (Li et al., 2023). This is probed
through the Contextual Auditory Attention scenario,
where models must identify whether an utterance



Benchmark ML PerSP ProSP IntSP
AIR-Bench X X X X
SD-Eval X X X X
VoiceBench X X X X
ADU-Bench v X X X
VoxDialogue 4 X X X
URO-Bench v X X X
RSP-Bench (ours) v v v

Table 1: Comparison of RSP-Bench with existing bench-
marks in terms of Multi-Lingual (ML), and three Spo-
ken Pragmatics of Perceptual (PerSP), Prosodic (ProSP),
and Interactional (IntSP) Pragmatics.

is directed at them amidst overlapping dialogues
and environmental sounds. The intermediate layer
of Prosodic Pragmatics involves decoding com-
municative meaning from suprasegmental acoustic
features such as intonation, stress, and rhythm. We
evaluate this layer through two scenarios: Prosodic
Disambiguation, which tests whether models can
use prosodic cues to resolve ambiguous utterances,
and Nonliteral Intent Recognition, which assesses
the ability to infer intent from indirect or sarcastic
speech signaled by prosody. The highest reasoning
layer of Interactional Pragmatics requires under-
standing the sequential dynamics of dialogue. This
layer is evaluated via scenarios including Dynamic
Addressee Tracking, where models must track shifts
in who is being addressed in multi-party conver-
sation, and Atypical Reference Resolution, which
challenges models to resolve references that rely
on shared context or atypical expressions.

Our main contributions are as follows:

* We propose RSP-Bench. To our knowledge,
it is the first benchmark designed to systemat-
ically evaluate spoken pragmatics capabilities
of large speech-language models, covering the
five key but previously overlooked real-world
interactional scenarios.

* We construct a high-quality dataset embody-
ing these challenges and, through extensive
experiments, provide an analysis that reveals
the systematic weaknesses of current models
in this regard.

2 Related Work

To clearly position the value and contributions of
the RSP-Bench, this section systematically reviews
the development of LSLMs and provides an in-
depth analysis of the limitations of existing eval-
uation benchmarks. Our goal is to highlight the
critical gap in assessing a model’s capabilities in

robust spoken pragmatics, particularly across the
perceptual, prosodic, and interactional layers we
have identified.

2.1 Large Speech-Language Models

LSLMs have emerged as a prominent research
direction in the large language model era (Cui
et al., 2025). Mainstream LSLMs currently fol-
low two primary technical routes: cascaded and
end-to-end architectures (Guo et al., 2025b). Cas-
caded models, such as AudioGPT (Huang et al.,
2024), achieve speech interaction by integrating
separate Automatic Speech Recognition (ASR),
Large Language Model (LLM), and Text-to-Speech
(TTS) modules. Subsequent work has aimed to
enable LLMs to directly process speech by map-
ping acoustic representations into the LLM’s token
space, leading to models like Qwen-Audio (Chu
et al., 2023, 2024) and SLAMONM (Tang et al.,
2024). However, these models still rely on an ex-
ternal TTS module for speech output, which com-
promises the end-to-end nature of the system and
introduces cascading errors. Addressing these lim-
itations, a new wave of LSLMs that directly syn-
thesize speech has emerged. This includes models
such as SpeechGPT (Zhang et al., 2023), GLM-4-
Voice (Zeng et al., 2024), and a series of “Omni”
models (Xie and Wu, 2024a,b; Fang et al., 2025;
Wang et al., 2025), realizing seamless, end-to-end
speech interaction.

2.2 Benchmarks for LSLMs

The evolution of LSLM benchmarks began with
fundamental speech tasks in SUPERB (Yang et al.,
2021). Subsequently, evaluation shifted toward
higher-level capabilities: AIR-Bench (Yang et al.,
2024) focuses on voice QA, while SD-Eval (Ao
et al., 2024) and VoxDialogue (Cheng et al., 2025)
assess paralinguistic understanding (e.g., emotion).
More recently, benchmarks like VoiceBench (Chen
et al., 2024), ADU-Bench (Gao et al., 2025), and
URO-Bench (Yan et al., 2025) have incorporated
complex real-world scenarios and generation qual-
ity.

However, these benchmarks predominantly rely
on idealized inputs, overlooking robust spoken
pragmatics. This refers to the ability to handle the
raw, ambiguous, and context-dependent nature of
real-world audio in the first place. The RSP-Bench
is designed to fill this critical gap (see Table 1 for a
detailed comparison).
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Figure 1: An illustration of our hierarchical framework for Robust Spoken Pragmatics and its instantiation
in the RSP-Bench. The flowchart (left) depicts the three theoretical layers, which are instantiated by the five core
scenarios of the RSP-Bench, with concrete examples shown in the panels (right). For each scenario, the desired (v')
vs. common failure (X) responses highlight the gap in current models’ robust spoken pragmatic capabilities.

3 RSP-Bench

This section details the design and methodology of
our proposed RSP-Bench. To systematically evalu-
ate the aforementioned five core scenarios, we have
operationalized each scenario into a concrete eval-
uation task. We first present the definition of each
task, then describe the data construction process
for its corresponding test sets, and finally, outline
the evaluation metrics used.

3.1 Task Definitions

Figure 1 illustrates our five core evaluation tasks,
each of which corresponds to one application sce-
nario, across three spoken pragmatic layers. The
tasks are defined as follows:

Task Tcqa This task instantiates the Contextual
Auditory Attention (CAA) scenario. In real-world
interactions, high-quality single-speaker inputs are
rare, as speech signals are often mixed with irrel-
evant audio such as news broadcasts or bystander
conversations. This task aims to evaluate a model’s
ability to parse a multi-source acoustic environ-
ment, filter out interfering speech, and selectively
focus on the target speaker to accurately understand
their intent.

Task Tpp To evaluate the Prosodic Disambigua-
tion (PD) scenario, this task focuses on a core chal-

lenge in spoken language understanding. In many
languages, ambiguities arising from homophones
or varied segmentation are prevalent at the text
level, for which acoustic information in speech pro-
vides critical disambiguating cues. This task aims
to evaluate a model’s ability to leverage prosodic
features (e.g., intonation, stress, and pauses) to
resolve such structural or semantic ambiguities,
thereby achieving a deeper, more accurate seman-
tic understanding.

Task Ty;g Corresponding to the Nonliteral In-
tent Recognition (NIR) scenario, this task assesses
a model’s grasp of higher-level spoken pragmat-
ics. Human expression often extends beyond lit-
eral semantics to include non-literal intents such as
sarcasm or humor, which are primarily conveyed
through vocal tone and prosodic patterns. This
task aims to evaluate a model’s ability to identify
these non-literal intents by interpreting such acous-
tic cues, thereby probing its deeper understanding
of pragmatic meaning.

Task Tpar To assess a model’s ability to track
Dynamic Addressee Tracking (DAT), we design a
task that evaluates its understanding of social con-
versational context. In multi-party interactions, the
addressee of an utterance can shift dynamically, re-
quiring the model to continuously infer whether a
spoken turn is directed at it or at another participant.
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Figure 2: The two primary data construction pipelines
for the RSP-Bench. The first approach, Augmenting
Existing Datasets, refers to modifying or combining
existing spoken resources. The second, Constructing
Original Datasets, indicates first creating novel text
corpora and then generating the corresponding audio
via synthesis or human recording.

Failure to accurately track these role shifts results
in pragmatically inappropriate responses. For ex-
ample, redirecting a new conversation with other
speakers. This task thus evaluates the model’s sen-
sitivity to dialogue participation frameworks and
its capacity to adapt responses accordingly.

Task T4gr This task instantiates the Atypical
Reference Resolution (ARR) scenario, a unique
challenge in spoken dialogue. Users, sometimes
unable to directly name a target, often resort to
non-conventional referring expressions, such as
spelling out a word or describing a character’s struc-
ture. This task aims to evaluate a model’s ability to
first recognize and parse these atypical descriptions
within a standard dialogue, and then, crucially, re-
solve them by grounding them in the conversational
context to reconstruct the user’s true query intent.

3.2 Data Construction

Data construction followed two pipelines (Fig-
ure 2). Our first approach, Augmenting Existing
Datasets, involves modifying or combining ex-
isting resources. For the Tcq4 task, we sourced
query texts from URO-Bench and synthesized us-
ing CosyVoice-v2 (Du et al., 2024). To ensure
diversity and clarity, we utilized 100 balanced
speaker prompts from SEED-TTS-Eval (Anastas-
siou et al.,, 2024) and enforced a strict quality

threshold (WER < 3% via SenseVoice-Small (An
et al., 2024)).These clean recordings were then
combined with interference audio via a Spatial-
Acoustic Mixing strategy, incorporating spatial pan-
ning, spectral filtering, and random temporal mis-
alignment (see Appendix B) to simulate realistic
auditory scenes. For the Tpp and Ty tasks, we
adopted a Hybrid Real-Synthetic Strategy to strictly
preserve the authenticity of paralinguistic cues. We
utilized original real-world recordings as the core
evaluation content to ensure that critical features,
specifically polyphones, pauses, stress, sarcasm,
and humor. The authentic audio clips were sourced
from the DEBATE dataset (Guo et al., 2025a) for
Tpp and UR-FUNNY-V2/MUStARD++ (Hasan
et al., 2019; Bhosale et al., 2023) for Ty;r. We
adapted these clips into multiple-choice questions
by concatenating them with synthesized segments
solely for instructions and options. This design
guarantees that the core content requiring prag-
matic interpretation is genuine human speech, ef-
fectively preserving the rich and subtle acoustic
cues.

Our second approach is Constructing Original
Datasets, which is necessary for the two tasks
where no suitable public datasets existed. For the
Tpar task, we utilized the question texts from Tca4
as on-target content and generated off-target con-
tent (see Appendix C for a full list; e.g., “Hurry
up and do your homework!”) using an LLM. To
strictly evaluate the model’s reliance on pragmatic
and spatial cues, we employed a continuous Single-
Speaker recording strategy. Specifically, the volun-
teer first addressed the microphone in a standard
near-field setting and then immediately shifted be-
havior to deliver the off-target content. This in-
volved actions such as turning the head away, mov-
ing to a distance, or altering emotional tone, often
combining these spatial and affective changes. This
design simulates a natural conversational switch.
For the T4rp task, we constructed a new corpus of
spelling sequences and character descriptions for
target words selected from CET-4 and the Kangxi
Dictionary. For ARR-zh, since the core challenge
lies in the semantic reasoning of structural compo-
nents rather than paralinguistic interpretation, high-
fidelity synthesis was employed. Crucially, we con-
ducted rigorous manual verification on all samples
to ensure precise articulation with no omissions or
mispronunciations. In contrast, for ARR-en, we
observed that current TTS models struggle to gen-
erate natural, discrete letter sequences. Therefore,



Scenarios Task Datasets Lang. Source # Samples avg. dur. (s) total dur. (hr)
Contextual Auditory Attention Tcag g:i:zﬁ jﬁ ‘:Ei 4314912 ;Zé (1)2(3)
PD-proun zh Aug 200 24.61 1.37
Prosodic Disambiguation Tpp  PD-pause zh Aug 400 24.47 2.72
PD-stress zh Aug 400 26.52 2.95
. .\ NIR-humor en Aug 994 46.82 12.93
Nonliteral Intent Recognition TNIR NIR-sarca en Aug 1,359 2712 1024
. . DAT-en en Con 399 12.35 1.37
Dynamic Addressee Tracking ~ Tpar DAT-zh Jh Con 446 11.32 1.40
Atypical Reference Resolution Tjgg iﬁﬁ_iﬁ EE SZE 2(1)2 19 3 ]361 }gz
Total 6,059 22.69 38.19

Table 2: Statistics of the RSP-Bench datasets over five scenarios, corresponding tasks, languages (Lang.), sources
(i.e., Augmenting Existing Datasets or Constructing Original Datasets), number of samples, and average (avg) or
total durations (dur.). Note that each scenario contains two or three datasets.

this subset was manually recorded by one male and
one female volunteer. Detailed statistics for each
dataset are presented in Table 2.

3.3 Evaluation Metrics

To ensure rigorous evaluation, we employ a hy-
brid methodology tailored to task types using GPT-
40 mini (OpenAl et al., 2024) and DeepSeek-
V3 (DeepSeek-Al et al., 2024).

Discriminative Extraction (Tpp, Tyir): For tasks
with definitive ground truths, we treat evaluation
as precise information extraction rather than sub-
jective grading. Both LLMs independently parse
the model outputs to identify the predicted option.
We observed a 96.8% consistency rate between the
two LLMs; for the remaining divergent cases, hu-
man experts manually adjudicated the results to
ensure zero parsing errors. Based on these verified
predictions, we compute the standard Accuracy by
comparing them against the ground truth.

Generative Scoring (Tcaa, Tpar, Tarr): For
open-ended pragmatic tasks, we adopt the “LLM-
as-a-Judge” paradigm (see Appendix A). The final
score is derived by averaging ratings from both
evaluators to mitigate single-model bias. Drawing
upon recent comprehensive studies which have rig-
orously validated this paradigm (Wang et al., 2023;
Liu et al., 2024), we leverage the proven high align-
ment between LLMs and human experts to serve
as a reliable and scalable proxy for assessment. All
scores are normalized to a 100-point scale.

4 Results and Analysis

To evaluate the robust spoken pragmatic capabili-
ties of mainstream LSLMs, we employ RSP-Bench.

Tcaa
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Figure 3: Performance comparison of the top six per-
forming LSLMs across the five core tasks. Models
unable to complete the Chinese tasks (e.g., Mini-Omni)
are necessarily excluded.

We structure our analysis around four core research
questions (RQs): (1) How do current LSLMs per-
form overall? (2) What failure modes and error
patterns emerge? (3) What systemic factors con-
tribute to these deficiencies? (4) Does the primary
limitation lie in the model’s reasoning “brain” or
its perceptual “ears”?

4.1 Experiment Setup

We evaluate nine representative LSLMs: Mini-
Omni, Mini-Omni2, Freeze-Omni, LLaMA-Omni,
GLM-4-Voice, Qwen2-Audio, Baichuan-Audio (Li
et al., 2024), Kimi-Audio (KimiTeam et al., 2025),



Tcaa Tpp Tnir Tpar TArr

Models [%] Avg.

CAAzh CAA-en D PD- PD-o NIR-NIR- W\ DAT.en ARR-zh ARR-en #

proun pause stres humor sarca

Mini-Omni - 32.8 - - - 7.8 3.7 - 34.2 - 37.3 -
LLama-Omni - 45.0 - - - 50.0 77.8 - 74 - 30.5 -
Freeze-Omni 70.0 55.8 215 208 213 129 54 854 77.2 37.7 71.4 436
Mini-Omni2 - 40.9 - - - 13.7 4.1 - 48.1 - 32.5 -
GLM-4-Voice 63.3 55.0 515 528 525 49.1 422 66.2 63.8 45.1 58.1 545
Qwen2-Audio 64.4 52.0 7.5 6.5 34 545 842 844 68.4 34.9 542  46.8
Baichuan-Audio  65.8 51.4 61.5 650 503 53.1 87.0 820 76.6 439 63.6 63.7
Kimi-Audio 87.1 70.6 645 66,5 575 63.6 692 628 71.0 47.0 88.7 68.0
Qwen2.5-Omni 83.0 66.6 72.5 653 523 538 343 720 71.0 40.6 83.6 63.2

Table 3: Detailed performance of nine mainstream LSLMs across all RSP-Bench test sets, evaluated using LLM
scoring (normalized to a 100-point scale). The best and second-best results are highlighted in bold and underlined,
respectively. A dash (-) indicates that the model did not participate in the corresponding evaluation, as they do not
support Chinese text generation, resulting in the disability to complete the zh tasks.

and Qwen2.5-Omni (Xu et al., 2025). To en-
sure fairness and reproducibility, we strictly ad-
here to the official open-source configurations for
all models. Inference was conducted on NVIDIA
RTX 4090 GPUs, employing a dual-GPU setup for
the larger models (Baichuan-Audio, Kimi-Audio,
Qwen2.5-Omni) and a single-GPU setup for the
remaining six lightweight models.

4.2 Overall Performance Landscape

Regarding RQ1, we present the quantitative per-
formance landscape of mainstream LSLMs on the
RSP-Bench, as visualized in Figure 3 and detailed
in Table 3. Our quantitative analysis reveals a clear
performance hierarchy while highlighting a univer-
sal struggle with robust pragmatics. Kimi-Audio
emerges as the top performer, achieving the high-
est average score of 68.0%, followed closely by
Qwen2.5-Omni (63.2%). These models demon-
strate relatively stronger capabilities in handling
complex acoustic inputs compared to smaller open-
source counterparts like the Mini-Omni series,
which consistently rank lower.

However, despite these relative successes, the ab-
solute performance reveals a significant bottleneck.
No model achieves a “robust” level of proficiency
(e.g., >80% average). Notably, models perform
significantly better on tasks grounded in explicit
semantics than on those requiring prosodic or in-
teractional interpretation. This confirms that cur-
rent LSLMs predominantly rely on textual content
while struggling with non-lexical cues.

4.3 Primary Failure Modes

To answer RQ2, we categorize the recurrent fail-
ures into five distinct types based on a qualitative

analysis of the model responses.

(1) Instructional Non-Compliance. We ob-
serve a systematic decline in instruction following
capabilities. This manifests in two forms: first,
ignoring formatting constraints, where models pro-
duce verbose explanations despite explicit prompts
for “Yes/No” answers; and second, disregarding the
core task, where the model simply fails to execute
the specific command, providing generic responses
instead.

(2) Integration of Irrelevant Speech. Mod-
els struggle to segregate target speech from back-
ground interference. Instead of filtering out distrac-
tors (e.g., bystander conversations), models erro-
neously integrate the irrelevant content into their
reasoning. This results in “hybrid” responses that
merge the user’s query with background noise, lead-
ing to factual hallucinations.

(3) Indiscriminate Responsiveness. Driven by
an “always-respond” bias, models lack Addressee
Awareness in multi-party scenarios. They con-
sistently fail to distinguish whether a voice is di-
rected at them or another participant. Consequently,
models indiscriminately reply to conversations, in-
terrupting interactions where they should remain
silent.

(4) Fine-Grained Recognition Failure. While
proficient at processing continuous speech, mod-
els show significant vulnerability with fine-grained
acoustic units. For letter sequences (e.g., “A-P-P-L-
E”), analysis of the response text reveals frequent
omissions or complete recognition failures of indi-
vidual letters. This indicates that current recogni-
tion capabilities degrade rapidly when processing
discrete, short-duration tokens compared to full
sentences.



(5) Commonsense Knowledge Violation. A
striking example is Chinese character decompo-
sition: when hearing a description of the single
character “Z%” via its components “/K” and “F”,
models often fail to synthesize the target. Instead,
they output the two separate characters “/K 1,
violating the basic commonsense of character for-
mation by treating structural components as a linear
sequence. Detailed qualitative case studies, with a
particular focus on the complex interactional fail-
ures (Modes 1-3), are provided in Appendix D.

4.4 Analysis of Underlying Mechanisms

Addressing RQ3, we attribute the categorized fail-
ure modes not to random errors, but to systemic
deficiencies in the current LSLM training paradigm.
We identify three primary factors driving these
failures: (1) Data Homogeneity and the Lack
of Early Gating. The root cause of Integration
of Irrelevant Speech lies in the sterile nature of
pre-training data, which predominantly consists
of clean and single-speaker recordings. This ho-
mogeneity fails to equip models with Auditory
Scene Analysis capabilities. Crucially, this results
in a Lack of Early Perceptual Gating. Unlike hu-
man cognition that employs an attentional filter
to screen out irrelevant acoustic streams before
semantic processing, current LSLMs operate un-
der a Single-Source Assumption. They project the
entire acoustic mixture, including both the target
speech and interference, into a flattened seman-
tic space. Consequently, the model is compelled
to distinguish these sources only at the high-level
reasoning stage. However, this late separation of-
ten fails because the interference has already been
decoded as valid content, leading to its erroneous
inclusion in the generated response. (2) Objective
Conflict: Encoder-Level Semantic Alignment.
The failure of Prosodic Deafness stems from the
architectural reliance on semantic-centric encoders
such as Whisper in current LSL.Ms. These encoders
are primarily designed to extract semantic repre-
sentations from speech and align them with the
textual input space of the LLM. This alignment
strategy proves highly effective for dominant pre-
training tasks including Automatic Speech Recog-
nition (ASR) and Spoken Question Answering
(QA). Since these tasks focus almost exclusively
on lexical content, simply aligning the semantic in-
formation allows the model to achieve high training
performance. Consequently, the model implicitly
learns that semantic features are sufficient for opti-

mization, treating crucial paralinguistic details like
intonation, stress, and emotion as redundant infor-
mation to be ignored. This analysis is corroborated
by the superior performance of Kimi-Audio in the
Prosodic Disambiguation task. Unlike models that
rely solely on semantic alignment, Kimi-Audio
employs a hybrid audio tokenization strategy that
integrates discrete semantic tokens with comple-
mentary continuous vectors of acoustic information
to effectively represent speech signals for down-
stream tasks. This explicit preservation of acoustic
features allows it to capture the pragmatic nuances
that other models discard. (3) Deficit in Cross-
Modal Compositional Reasoning and Knowl-
edge Grounding. The failure in the Chinese char-
acter decomposition task highlights a critical gap
in Cross-Modal Compositional Reasoning. This is
further compounded by a deficiency in grounded
linguistic knowledge. Unlike LLMs which pos-
sess the morphological knowledge that Top “/K” +
Bottom “” equals “Z*”, LSLMs struggle to per-
form this symbolic synthesis from acoustic inputs.
The model perceives the description linearly, rec-
ognizing “/K” and “F” as sequential tokens but
failing to execute the spatial instruction. This indi-
cates that the model’s knowledge about character
structure is not robustly grounded across modali-
ties. The association exists in the text domain, but
is not accessible via acoustic descriptions, forcing
the model to default to a surface-level recognition
of the components (“/KF).

4.5 Ablation Study

Finally, to address RQ4, we conducted an ablation
study to quantify the impact of the spoken prag-
matic challenges to isolate the performance bottle-
neck. Our central hypothesis is that the primary
limitation of current models is not in their down-
stream reasoning, but in their initial handling of
pragmatically complex audio. To test this, we com-
pare model performance in a Before Explicitation
condition, which uses the original, pragmatically
complex test sets, against an After Explicitation
condition, where the foundational spoken prag-
matic challenges have been eliminated.

For this ablation, we specifically focus on the
Tcaa and Tpar tasks, as they are the most repre-
sentative probes of the external acoustic and social
environment, and their transformation is the most
direct and unambiguous. The After Explicitation
set was created by transforming the entirety of the
four corresponding datasets. Specifically:
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* For Tca4 samples: instead of using the mixed
audio (user query + interference), we used the
original, pre-mixing source audio of just the
user’s query. This completely removes the
sound interference challenge.

* For Tpar samples: instead of using the con-
catenated audio (on-target + off-target speech),
we used only the audio segment correspond-
ing to the on-target speech. This removes the
speaker target switch challenge.

We then evaluated the same nine LSLMs on both
the Before and After Explicitation test sets. The
comparative results are presented in Figure 4. All
models exhibit a dramatic performance improve-
ment in the After Explicit condition, with the scores
of several models more than doubling. This sig-
nificant performance gap leads to a crucial con-
clusion. It strongly suggests that the models in-
herently possess the necessary downstream reason-
ing capabilities to process a user’s intent once it
is clearly presented. Therefore, their poor perfor-
mance on the main RSP-Bench is not primarily
due to a failure in complex problem-solving. In-
stead, the bottleneck lies directly in their deficiency
in handling the foundational challenges of spoken
pragmatics. This failure to parse the raw, ambigu-
ous, and context-dependent nature of real-world
audio is what fundamentally limits their overall
potential.

5 Conclusion

In this paper, we introduced the RSP-Bench to
systematically evaluate the Robust Spoken Prag-
matic capabilities of Large Speech-Language Mod-
els (LSLMs). Our evaluation of mainstream models
on the benchmark reveals a critical performance
bottleneck. While experimental results show that
current models struggle with the pragmatic chal-

lenges presented, our ablation study demonstrates
a dramatic performance improvement when these
challenges are removed and the core intent is made
explicit. This stark discrepancy leads to a crucial
conclusion: the primary factor limiting the perfor-
mance of current LSLMs in realistic interactional
scenarios is not a fundamental lack of downstream
reasoning ability. Rather, the bottleneck lies in their
deficiency across the foundational layers of spoken
pragmatics: perceptual, prosodic, and interactional.

Building upon these findings, our future work
will proceed in two directions. First, we plan to
incorporate spontaneous, in-the-wild recordings to
capture the complexity of unscripted speech be-
yond controlled settings. Second, we will expand
the benchmark’s scope to cover higher-order inter-
actional phenomena, such as multi-turn conversa-
tional dynamics, aiming to guide the development
of truly interactionally intelligent LSLMs.

Limitations

While, to our knowledge, the RSP-Bench is the
first to systematically evaluate spoken pragmatics,
we acknowledge two primary limitations.

First, regarding data scale, the current bench-
mark is relatively modest in size compared to large-
scale training corpora. It is explicitly designed as a
curated diagnostic test set to pinpoint specific cog-
nitive deficits in current models, rather than a vast
resource for model fine-tuning. While the current
sample size is sufficient for statistically significant
evaluation, expanding the scale and diversity of the
data remains a goal for future iterations.

Second, regarding task scope, our current scenar-
ios serve as atomic probes focusing on immediate,
short-turn interactions. They do not exhaust the full
spectrum of spoken pragmatic challenges. More
complex phenomena, such as long-term conversa-
tional dynamics, remain open areas for evaluation.



Ethical Considerations

All constructed data, including generated distrac-
tors, has been reviewed to ensure it is free from
toxic content, hate speech, and personally identifi-
able information. For human-involved components
(recording and evaluation), participants provided in-
formed consent, and all data was anonymized. We
strictly adhere to the licenses of all source datasets
used.
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A LLM Prompts for Evaluation

This section details the prompts used for the au-
tomated evaluation of model responses with LLM
evaluators (GPT-40 mini and Deepseek-V3). This
section details the prompts used for the automated
evaluation of model responses with LLM evalua-
tors (GPT-40 mini and Deepseek-V3). This section
details the prompts used for the automated evalua-
tion of model responses with LLM evaluators.

Prompts for Evaluation in Task T'caa

I need your help to evaluate a model's
performance in a speech interaction
scenario. The model receives a spoken
input from the user, which contains both
the actual question and irrelevant distractor
content (such as background conversations
or unrelated utterances). The model’s task
is to correctly identify and understand the
user’s intended question and generate an
appropriate spoken response.

In this evaluation task, you will be
provided with the following three pieces of
information:

[Instruction] Transcription of the user's
speech content: This is the core question
that the user intended to express, extracted
from the spoken input. It does not include
any distractor content.

[Response] Model's generated response
transcription: This is the model's reply
based on the full input (including both the
actual question and distractors).
[Distractor| Transcription of the distractor
speech: This indicates the irrelevant
content in the input that should be
completely ignored by the model.

Please rate the model’s performance
on a scale of 1 to 5, based on the following
criteria:

1 point: The model did not correctly
understand the wusers question and
responded to the distractor content. The
answer is irrelevant or incorrect.

2 points: The model attempted to answer
the users question, but the answer is
inaccurate or unclear, and the response is
affected by the distractors (e.g., mentions
unrelated content or is misled by the noise).
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3 points: The model basically understood
the user's question and gave a somewhat
relevant response, but with minor
inaccuracies, vague wording, or partial
influence from the distractors.
4 points: The model accurately
understood the user's question and gave a
logical and clear response, unaffected by
the distractors, though there might be
minor flaws in phrasing.
5 points: The model completely ignored
the distractor content and responded to
the user's question precisely, clearly, and
efficiently,  demonstrating  excellent
semantic understanding and robustness.
Below is the content for evaluation:
[ Instruction ]  { Question_only }
[ Response | {  Answer }
[ Distractor | { Distractor text }
Please provide only a rating from 1 to
5. No explanation is needed.

Prompts for Evaluation in Task Tpp

You are a data extraction assistant.
Parse the [ Response | to identify the
selected option.

If the response indicates the first
option, return “Option 1”. If the response
indicates the second option, return
“Option 2”. Otherwise, return “None”.
Below is the content for evaluation:

[ Response | { Answer }

Only return one string: “Option 17,
“Option 27, or “None”. Do not output
anything else.

Prompts for Evaluation in Task TNIR

You are a data extraction assistant.
Parse the [ Response | to identify the
selected option.

If the response indicates the first
option, return “Yes”. If the response
indicates the second option, return
“No”. Otherwise, return “None”.

Below is the content for evaluation:
[ Response | { Answer }

Only return one string: “Yes”, “No”, or
“None”. Do not output anything else.



Prompts for Evaluation in Task Tpa

I need your help to evaluate a model’s
performance in a speech interaction task.
The model receives a full spoken input
from the user, which contains the user’s
main question directed at the model, but
may also include content spoken to other
people. These are not intended for the
model. The model’s task is to accurately
identify and respond to the user’s main
question (primary intent), while ignoring
content directed toward others (non-
interactional content).

You will be given the following three
parts:

[ Imstruction | Transcription of the
user’s main question directed at the
model.

[ Response ] Transcription of the
model’s generated response.

[ Other Intent | Transcription of content
the user said to others (which the model
should ignore).

Please rate the model’s performance
on a scale of 1 to 5, based on the
following criteria:

1 point: The model failed to answer the
main question and incorrectly responded
to content directed at others.

2 points: The model partially addressed
the main question, but its response was

clearly influenced by the irrelevant
content, leading to confusion or
deviation.

3 points: The model mostly addressed the
main question, but the response was
unclear or included information from the
users remarks to others.

4 points: The model correctly answered
the main question with a clear structure,
showed minimal influence from irrelevant
content, with only minor flaws in
phrasing.

5 points: The model focused entirely on
the wuser’s question to the model,
responding  precisely and  clearly,
completely ignoring irrelevant content,
and showing excellent understanding and
discrimination.

Please score the model based on the
following:
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[ Instruction | { Question only }

[ Response | { Answer }

[ Other Intent | { Other Intent }
Please provide only a rating from 1 to

5. No explanation is needed.

Prompts for Evaluation for the ARR-en
dataset in Task TARR

You are an expert linguistic evaluator.
The model is presented with an audio
input where a user spells out a target
word character-by-character (e.g., “a-p-p-
1-¢”) instead of pronouncing it directly.
The model is tasked with synthesizing
these discrete letter sounds to identify the
target word and providing a correct
explanation of its meaning.

Please score the model’s explanation
based on the following five-point scale
(1 to 5):

1 point: The model completely failed to
understand the task—did not interpret the
spelling.

2 points: The model attempted to
interpret the spelling but failed to identify
the correct word, or the explanation was
entirely irrelevant.

3 points: The model correctly identified
the word but gave an explanation that
was partially incorrect, vague, or
incomplete.

4 points: The model accurately identified
the word and gave a mostly correct
explanation, with only minor
inaccuracies or unclear phrasing.

5 points: The model correctly identified
the word and provided a clear, complete,
and accurate explanation consistent with
the reference meaning.

Below is the model’s response and the
reference word (i.e., the correct word that
should be inferred from the spelling
sequence):

[ Model Response |
[ Reference Word |

Please provide only a rating from 1 to

5. No explanation is needed.



Prompts for Evaluation for the ARR-zh
dataset in Task TARR

You are an expert evaluator for a
Chinese linguistic reasoning task. The
model receives a spoken input describing
the structural components of a specific
Chinese character (e.g., “The top part is
‘K’, and the bottom part is ‘- f* 7). The
model is tasked with synthesizing these
components to identify the target
character (e.g., “ 2 ”) and forming a
natural word using that character.

Please score the model’s explanation
based on the following five-point scale
(1 to 5):

1 point: The model completely failed to
understand the task. it neither identified
the target character nor attempted to
form a word.

2 points: The model understood the task
but failed to identify the target character.
3 points: The model identified the target
character but did not form a word using
it.

4 points: The model formed a word that
includes the target character. The word is
generally reasonable in meaning, but
slightly unnatural or awkward in usage.

5 points: The model successfully
identified the target character and formed
a natural, semantically accurate word
using it.

Below is the model’s response and the
reference word (i.e., the correct word that
should be inferred from the spelling
sequence):

[ Model Response |
[ Target Character |

Please provide only a rating from 1 to

5. No explanation is needed.

B Details of Spatial-Acoustic Mixing for
Tcaa

To ensure the ecological validity of the Contex-
tual Auditory Attention task, we implemented a
physics-based mixing pipeline using the following
configurations:

Spatial Localization: We utilized stereo panning
to simulate four spatial relationships between the
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target (Main) and interference (Interf) speakers:
Same-Left, Same-Right, Separated (Main-L/Interf-
R), and Separated (Main-R/Interf-L). The panning
ratios were set to 0.95:0.20 to create distinct direc-
tional perception.

Spectral Filtering: A 4th-order Butterworth low-
pass filter with a cutoff frequency of 2500 Hz was
applied to the interference audio. This attenuates
high-frequency harmonics, simulating the acoustic
effect of the distractors being further away or less
focused than the target query.

Temporal and Volume Variation: We introduced
random temporal shifts (up to £30% of the clip
duration) to avoid artificial alignment. The inter-
ference volume was dynamically scaled to three
levels (Low: 0.2, Mid: 0.3, High: 0.4) to vary the
Signal-to-Interference Ratio (SIR), challenging the
model’s robustness across different noise levels.

C List of Off-Target Utterances in Tp,r

In the Dynamic Addressee Tracking task, the model
is challenged to ignore speech that is not directed
at it. To strictly evaluate this, we constructed a
set of “Off-Target” utterances simulating natural
human-to-human interactions (e.g., speaking to a
family member).

These utterances often contain imperative
(“Hurry up”) or interrogative (“Where did you put
the remote control?”) structures similar to sys-
tem commands, making them challenging distrac-
tors. To ensure strict semantic alignment across
languages, the Chinese dataset (DAT-zh) was de-
rived via high-quality translation of the English
source texts. Representative examples from the
English corpus (DAT-en) are listed in the following
table.

Representative examples of off-target speech
(distractors) from the English dataset (DAT-en)

1. Hurry up and change your shoes, you’ve made
the floor dirty!

2. Don’t forget to buy eggs at the supermarket
today.

. The exam is next week, so start reviewing!

. Hurry up and do your homework!

. The living room is a mess, tidy it up.

. The food has gone cold, come and eat.

. Where did you put the remote control?

. Remember to record the show for me.

. Don’t set the air conditioner too low, you’ll
catch a cold.
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The fridge is empty again, let’s buy groceries
together tomorrow.

10. Go to bed early today, don’t stay up late.
11. Take out the trash quickly.

12. Your younger brother did well on his exam.
13. Are you going to the gym today?

14. Don’t forget to take the clothes out of the
washing machine.

15. Remember to call me for dinner.

16. The water is boiling, turn off the stove!

17. Don’t forget to hand in your homework to-
MOITOW.

18. Remember to bring an umbrella, it’s raining
outside.

19. There are leftovers in the fridge, don’t waste
them.

20. Stop playing games and go outside for a
walk.

D Qualitative Examples of Model Failures

This section provides a comprehensive set of quali-
tative examples illustrating the five primary failure
modes analyzed in Section 4.3. These cases are
selected from various models to demonstrate the
systemic nature of these challenges.

D.1 Failure Mode 1: Instructional
Non-Compliance

Models frequently fail to adhere to formatting con-
straints (e.g., outputting verbose explanations in-
stead of simple labels) or ignore the core instruc-
tion entirely. This failure mode is most prevalent
in classification-style tasks such as Tpp and Tyyg.
Despite explicit prompts requiring concise outputs
(e.g., “Select Option 1 or 27, “Output Yes or No™),
models frequently exhibit an "explanation bias,"
producing verbose analyses or failing to commit to
a specific choice.

Instructional Non-Compliance manifests in vary-
ing degrees of severity across models, revealing
distinct breakdown patterns. Our statistical analy-
sis highlights extreme cases of Task Misalignment:
Qwen2-Audio fails to execute the selection com-
mand in nearly 95% of Tpp cases, instead erro-
neously treating the prompt as content to be tran-
scribed. Similarly, Freeze-Omni exhibits a critical
False Refusal mode, claiming the audio is silent or
unintelligible in approximately 90% of Ty;g. In
contrast, models like Baichuan-Audio and Kimi-
Audio demonstrate significantly higher adherence
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Instructional Non-Compliance Examples

Input: “FAZE & (kan)E JL A . "What is the
meaning of the preceding audio? I will give
you two interpretations to choose from. Option
1: The prison guard is watching or observing the
prisoner. Option 2: The prison guard is watching
or supervising the prisoner. Please reply with
option 1 or option 2.

Qwen2-Audio: The original content of this au-
dio is: “The prison guard is looking at the pris-
oner.” What is the meaning of the audio? I will
give you two options to choose from. Option 1:
The prison guard is watching or observing the
prisoner. Option 2: The prison guard is guarding
or supervising the prisoner. Please reply with
option 1 or option 2.

Freeze-Omni: The audio is trying to convey
two meanings: Option 1: The prison guard is
watching the prisoner. Option 2: The prison
guard is watching or supervising the prisoner.
Both meanings describe a scene where the prison
guard is observing or supervising the prisoner.
Kimi-audio: Option 1: The prison guards are
watching or observing the prisoners.

Input: Please analyze the provided audio and
determine whether any parts of it use sarcastic
language. [Audio]

Freeze-Omni: I’m sorry, but I can’t provide an
analysis of the audio you’ve shared because it
doesn’t contain any speech or sound that I can
interpret. The audio appears to be a recording
of a conversation or speech, but without any dis-
cernible words or context, I cannot provide an
accurate analysis. If you could provide more
information or context about the audio, I would
be happy to help you understand it better.
GLM-4-Voice: No, there isn’t any sarcasm in
the audio clip. It seems like the speaker is being
sincere in their suggestions and advice.

to instructions; however, they are not immune to
Format Deviation, occasionally producing redun-
dant textual descriptions alongside the correct la-
bels.

D.2 Failure Mode 2: Integration of Irrelevant
Speech

In the Tcaa task, models frequently fail to isolate
the target speaker. Instead of suppressing the inter-
ference, they treat the entire auditory scene as valid



Integration of Irrelevant Speech Example

Input:

Primary Query: Why does warmth make you
feel tired?

Interference Audio: A 5.7 percent decrease from
US$98.367 billion in fiscal year 2013.
Freeze-Omni Response: Warmth increases hap-
piness by 5.7%, a figure likely derived from
research on the relationship between human
emotions and the environment. Studies have
shown that comfortable temperatures can im-
prove mood and well-being.

Indiscriminate Responsiveness Example

Input: [Facing the microphone] What would
happen to Earth if the sun suddenly disappeared?
[Turning to the other side] Hurry up and change
your shoes, you’ve dirtied the floor! Kimi-
Audio: Haha, that’s an interesting question. If
the sun suddenly disappeared, Earth would enter
a long night, temperatures would drop drasti-
cally, and life might not be able to survive. But
don’t worry, the sun won’t suddenly disappear.
By the way, is there something dirty on your
floor? I'll help you think of a way to clean it.

input. This leads to “Hybrid Hallucinations”,
where irrelevant background content is erroneously
merged into the response to the primary query.

D.3 Failure Mode 3: Indiscriminate
Responsiveness

In the Tpar task, models exhibit a strong “Always-
Respond Bias.” They lack the pragmatic capability
to verify the Addressee of an utterance. Conse-
quently, they erroneously reply to speech clearly
directed at other human participants (e.g., family
members, service personnel), resulting in social
intrusions or role confusion.
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