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Abstract

Speech relation extraction (SpeechRE) aims
to extract structured relational triples directly
from speech. However, existing studies still
face three major challenges: the lack of Chi-
nese SpeechRE benchmarks, insufficient mod-
eling of speech-specific cues, and evaluation
bias introduced by character-level exact match-
ing in Chinese scenarios. To address these chal-
lenges, we first construct CSRTE, a real-world
Chinese SpeechRE benchmark built from hu-
man speech, providing unified data and evalu-
ation settings. We then propose ACRE, a rea-
soning enhancement framework for SpeechRE,
which integrates acoustic-cue and contextual-
knowledge into a structured acoustic-semantic
reasoning chain, enabling the model to go
beyond literal semantic content (what-to-say)
and capture speech-specific features (how-to-
say) for relation reasoning. We further com-
bine supervised fine-tuning with reinforcement
learning and design composite rewards to im-
prove the quality of the model’s reasoning pro-
cess. In addition, we propose pronunciation-
aware evaluation (PAE), which considers pro-
nunciation and tone consistency during en-
tity matching to reduce the evaluation bias.
Experiments on both Chinese and English
SpeechRE benchmarks demonstrate the effec-
tiveness of ACRE and the usefulness of PAE.
Our source code and datasets are available at
github.com/MWXGOD/CSRTE.

1 Introduction

Speech relation extraction (SpeechRE) aims to ex-
tract relational triples, e.g., <head entity, relation,
tail entity>, directly from speech (Wu et al., 2022;
Zhang et al., 2024). It plays an important role in
many downstream applications, such as spoken lan-
guage understanding (Arora et al., 2024), speech
information retrieval (Lee et al., 2015), and spo-
ken question answering (Nachmani et al., 2024).
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Figure 1: Two challenges in Chinese SpeechRE: (a)
Issue-2, insufficient use of acoustic cues for relation
understanding; (b) Issue-3, entity evaluation bias caused
by Chinese homophones under character-level exact
matching.

Compared with text relation extraction (TextRE),
SpeechRE is more challenging because speech may
contain background noise and accents, and lacks
explicit semantic units such as words.

Early studies mainly focused on TextRE (Zhao
et al., 2024). However, with the development of
information technology, the amount of speech data
has grown rapidly and has become widely available
in daily life, such as in news broadcasts and short
videos. Such data contains rich and valuable struc-
tured knowledge (Zhang et al., 2024; Ning et al.,
2026). As a result, SpeechRE has attracted increas-
ing attention in recent years. Existing studies on
SpeechRE mainly focus on the cross-modal align-
ment problem. Early methods, such as LNA-ED
(Wu et al., 2022) and MCAM (Zhang et al., 2024),
were mainly conducted with synthetic speech data,
while RPG-MoGe (Ning et al., 2026) further ex-
tends SpeechRE to real human speech, making the
task closer to real-world application scenarios.

Despite these advances, existing works still face
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the following limitations. Issue-1: Lack of Chi-
nese SpeechRE benchmarks. Existing SpeechRE
studies mainly focus on English datasets, while
Chinese SpeechRE benchmarks remain under-
explored. This limits the training, evaluation, and
application of models in Chinese SpeechRE sce-
narios. Issue-2: Insufficient use of acoustic cues.
Existing SpeechRE methods mainly focus on se-
mantic alignment between speech and text at the
literal meaning level (what-to-say), but make lim-
ited use of acoustic cues such as prosody and pro-
nunciation (how-to-say). These cues can provide
additional evidence for entity recognition and rela-
tion prediction, as shown in Figure 1 (a). Ignoring
such acoustic information may weaken the model’s
ability to capture relation expressions, thereby af-
fecting the accuracy of SpeechRE.

Beyond the above issues, another important chal-
lenge remains to be addressed: Issue-3: Entity
Evaluation Bias in Chinese SpeechlE. Existing
speech information extraction (SpeechlE) studies
usually follow the character-level exact matching
used in text information extraction (TextIE) to de-
termine whether an entity is correctly predicted.
However, this metric may lead to unfair evalua-
tion, especially in Chinese scenarios. Due to the
large number of homophones in Chinese, especially
in entities such as PER and LOC, many entities
may not have a unique written form based only
on speech and context. For example, as shown
in Figure 1 (b), the pronunciation “zhang 1i” may
be written as either “7k ™ (zhang 1i) or “7k #]”
(zhang 11). Existing evaluation metrics regard a
prediction as wrong once its written form does not
match the annotation, even if its pronunciation is
correct. This may lead to evaluation bias and un-
derestimate the model’s actual ability in SpeechlE.

To address the above challenges, this paper in-
vestigates Chinese SpeechRE from three aspects:
benchmark construction, model design, and eval-
uation. For benchmark construction, to address
Issue-1, we introduce Chinese Speech Relation
Triplet Extraction (CSRTE), a benchmark for Chi-
nese SpeechRE, designed to support model train-
ing, validation, and evaluation in Chinese spoken
scenarios. CSRTE is constructed from real hu-
man speech data and provides a unified evaluation
framework for Chinese SpeechRE.

For model design, we propose ACRE, an
acoustic-cue and contextual-knowledge reasoning
enhancement framework for SpeechRE. Specifi-
cally, to address Issue-2, ACRE explicitly models

pronunciation information and entity-related con-
textual knowledge, and organizes them into a struc-
tured acoustic-semantic chain-of-thought (SAS-
CoT). In addition, we combine supervised fine-
tuning (SFT) with reinforcement learning (RL), en-
abling progressive optimization of both reasoning
quality and triple generation performance.

For evaluation, to address Issue-3, we propose
a pronunciation-aware evaluation (PAE) strategy
that considers pronunciation consistency during
entity matching, allowing pronunciation-equivalent
entities to be treated as valid matches in SpeechRE.

The main contributions of this paper are summa-
rized as follows:

¢ We construct CSRTE, a Chinese real-world
SpeechRE benchmark that provides a unified
data resource and evaluation settings for Chi-
nese SpeechRE research.

* We propose ACRE, an acoustic-semantic rea-
soning enhanced framework that introduces
SAS-CoT for SpeechRE.

* We propose PAE, which incorporates pronun-
ciation and tone consistency into entity match-
ing to alleviate the bias of character-level ex-
act matching in Chinese SpeechlE.

» Extensive experiments on both Chinese and
English benchmarks demonstrate the effec-
tiveness of ACRE.

2 Related Work

2.1 Speech Relation Extraction

As a core task of SpeechlE (Ning et al., 2026,
2025a,b, 2024), SpeechRE aims to extract rela-
tional triples directly from continuous speech sig-
nals. This task was first introduced by Wu et al.
(2022), who constructed a synthetic speech bench-
mark from existing English TextRE datasets using
Text To Speech (TTS) techniques (Jia et al., 2026)
and developed a corresponding end-to-end mod-
eling framework. Building on this, Zhang et al.
(2024) further investigated cross-modal semantic
alignment between speech and text, proposing to
align speech and textual representations at multiple
levels, including tokens, entities, and sentences,
thereby improving model performance. Differ-
ent from these studies based on synthetic speech,
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. Ave, .

Datasets #Relations #Instances #Triplets Vl%naltlltlilo
Train Dev Test Train Dev Test g

& CoNLLO04-SpeechRE 5 922 231 288 1,283 343 422 11.3s

& CommonVoice-SpeechRE 45 14,557 2,495 2494 15,948 2,696 2,728 11.6s

& CSRTE-SpeechRE (Ours) 49 5,000 2,000 2,855 6,244 2,465 3,345 6.14s

Table 1: Statistics of different SpeechRE datasets. Datasets marked with & are constructed from synthesized speech,
while datasets marked with & are constructed from human-recorded speech.

Ning et al. (2026) extended SpeechRE to real-
world speech scenarios by constructing a large-
scale human-recorded SpeechRE dataset and adopt-
ing a generative end-to-end framework that jointly
optimizes cross-modal representation learning and
triple generation.

2.2 Speech Foundation Models

Early studies on Speech Foundation Models mainly
focused on self-supervised representation learn-
ing, with representative models such as wav2vec
(Schneider et al., 2019), wav2vec 2.0 (Baevski
et al., 2020), and HuBERT (Hsu et al., 2021).
To support speech-to-text tasks, including auto-
matic speech recognition (ASR) and speech transla-
tion, researchers further explored encoder-decoder
based generative speech models. SpeechT5 (Ao
etal., 2022) proposed a unified framework for ASR,
speech generation, and speech translation, while
Whisper (Radford et al., 2023), trained with large-
scale weak supervision, substantially improved
multilingual speech recognition and robustness.

With the rapid development of large language
models (LLMs), researchers have started to com-
bine speech encoders with language models to
build SpeechLLMs. Pengi (Deshmukh et al., 2023)
made an early attempt to transfer language-model
capabilities to general audio understanding tasks.
SpeechGPT (Zhang et al., 2023) subsequently sup-
ported spoken dialogue and speech generation
through cross-modal instruction tuning. Qwen-
Audio (Chu et al., 2023), SALMONN (Tang et al.,
2024), and Qwen2-Audio (Chu et al., 2024) further
improved unified understanding of diverse audio in-
puts. More recently, MiMo-Audio (Xiaomi, 2025)
demonstrated the few-shot generalization ability en-
abled by large-scale speech-language pretraining.
Overall, SpeechLLLMs have evolved into unified
frameworks with stronger speech understanding
and reasoning capabilities.

3 New Dataset

We present Chinese Speech Relation Triplet Ex-
traction (CSRTE), a new Chinese SpeechRE
dataset constructed from subsets of Common Voice
17 (Ardila et al., 2020) and AISHELL-1 (Bu et al.,
2017). Common Voice 17 is a large-scale mul-
tilingual speech corpus containing 20,408 hours
of validated recordings across 124 languages, con-
tributed by volunteers worldwide. It is released
under the CCO license, which allows unrestricted
use, modification, and redistribution. AISHELL-1
is a large-scale open-source Mandarin speech cor-
pus released by Beijing Shell Shell Technology Co.,
Ltd. It contains approximately 178 hours of high-
quality Mandarin speech from 400 speakers across
different accent regions in China, and is distributed
under the Apache 2.0 license.

Most utterances in Common Voice 17 and
AISHELL-1 are negative instances without valid
entity mentions or relation triplets. To identify po-
tential positive samples, we first normalized the
transcriptions and removed empty, malformed, du-
plicated, or noisy sentences. We then used a pre-
trained BERT-based NER tagger fine-tuned on Chi-
nese OntoNotes annotations to detect entity and
value mentions, and retained utterances containing
at least two predicted mentions as candidates. The
tagger was used only for candidate filtering, while
all final labels were manually annotated.

For the annotation schema, we developed a tai-
lored annotation guideline for Chinese SpeechRE,
where the entity and relation definitions were de-
signed with reference to OntoNotes (Weischedel
et al., 2022) and ACE 2004 (Doddington et al.,
2004)/2005 (Walker et al., 2006) . A team of
10 graduate students manually annotated approx-
imately 10,000 transcriptions using Label Stu-
dio' (Tkachenko et al., 2020-2025). All annotators
were native Chinese speakers with backgrounds in
information extraction. Each sentence was indepen-

"abelstud.io
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Figure 2: Overall architecture.

dently annotated by three annotators, and a senior
reviewer resolved disagreements to produce the fi-
nal labels. Annotation was conducted in batches
of no more than 1000 sentences, with 10% of each
batch randomly sampled for quality verification. If
sentence-level accuracy fell below 95%, the entire
batch was re-annotated. We further measured inter-
annotator agreement on triples using Fleiss’ Kappa,
obtaining a score of 0.847, which indicates substan-
tial agreement. Table 1 summarizes the statistics
of CSRTE and existing SpeechRE datasets.

4 Method

In this section, we formally define the SpeechRE
task and present the detailed implementation of our
proposed ACRE framework. It consists of three
core modules: SAS-CoT Training Data Construc-
tion, Acoustic-Semantic Cold-Start Learning, and
Reinforcement Learning Optimization. The archi-
tecture is illustrated in Figure 2.

4.1 Task Formulation

We study the task of SpeechRE. Given a raw speech
signal A, the model is required to directly extract
a set of relation triplets from the speech input, de-
noted as Y = {(hj, 7, t;)}1",, where h; and ¢;
denote the head and tail entities, respectively, and

r; denotes the relation type between them.

4.2 SAS-CoT Training Data Construction

To enhance the SpeechRE model’s ability to ex-
plicitly reason over speech cues, we construct
reasoning-aware training instances consisting of
speech inputs, task instructions, structured reason-
ing chains, and target relation triplets.

Specifically, given a speech input A;, a task in-
struction ();, a structured reasoning chain C}, and
the target relation triplets Y, we construct the input-
output pair of the j-th training instance as:

Input = Template(A;, Q;),

1
Output = Concatenate(Cj,Y5). )

For the structured reasoning chain C, we
construct SAS-CoT as an intermediate reason-
ing representation. It consists of two compo-
nents: the Accent-Robust Phonetic Chain (ARPC)
for pronunciation-level cues and the Context-
Grounded Semantic Chain (CGSC) for contextual
entity-relation semantics.

Accent-Robust Phonetic Chain. Given the gold
transcript x;, we obtain the pronunciation chain
through a pronunciation conversion function gpron:

pron

¢ = Gpron(T;)- (2)
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For Chinese samples, gpron converts Chinese
characters into tone-marked Pinyin; for English
samples, it converts words into IPA-style phonetic
representations. Meanwhile, we preserve punc-
tuation and the major boundary structure of the
original sentence.

Context-Grounded Semantic Chain. When
speech input contains ambiguity, the model can
benefit from additional information to support rela-
tion reasoning. We therefore construct contextual
reasoning knowledge about entities and relations
to assist the model in relation prediction.

Specifically, given the gold transcript x; and
the entity list £/;, we construct the semantic chain
through a function gsem:

C;em = gsem(xjv Ej)- 3)

In practice, gsem is implemented using the GPT-
40 (OpenAl, 2024), which generates concise entity
background descriptions and preliminary relation
reasoning.

The final SAS-CoT representation is obtained by
combining the two components:

Cy = (& o), @)
where ¢} and ¢3*™ denote the outputs of ARPC

and CGSC, respectively.

It is worth noting that gold transcripts and entity
annotations are used only for SAS-CoT construc-
tion during training. During inference, the model
uses only raw speech and the instruction, without
gold annotations or external knowledge generators.

4.3 Acoustic-Semantic Cold-Start Learning

After constructing SAS-CoT, we use Qwen2-
Audio-7B as the backbone and perform SFT with
Low-Rank Adaptation (LoRA) (Hu et al., 2022).
This stage teaches the model to generate the rea-
soning process and relation triplets from the speech
input and task instruction. The target output is Z;:

Zj = [Cj; ij]v (5)

where C; denotes SAS-CoT and Y; denotes the
final relation triplets. The SFT objective is to mini-
mize the autoregressive negative log-likelihood:

T
Lspr = — Y logpg(z | 2<t, 4;,Q5),  (6)

t=1

where z; denotes the ¢-th token in the target se-
quence Z;, z<; denotes the preceding tokens, and
T denotes the length of the target sequence. In this
way, the SFT stage provides a stable output format
and initial reasoning ability for the RL stage.

4.4 Reinforcement Learning Optimization

Although cold-start learning enables the model to
acquire the basic generation format of SAS-CoT
and the correspondence between SAS-CoT and
relation triplets, it still optimizes reference-based
next-token prediction rather than the SpeechRE
task objective. To better align generation with
the task objective, we introduce a RL optimization
strategy based on Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024) after SFT, shifting
the model from token-level imitation learning to
reasoning-aware relative optimization.

This stage takes the SFT model as the initial
policy model and keeps the same input-output for-
mat as the SFT stage. Given the speech input A;
and the task instruction ();, the model is required
to generate a complete output containing both the
SAS-CoT reasoning process and the final relation
triplets:

0; = [C;; Y]], )

N __ [ APTON  agem
where C; = (¢;77, ™)

SAS-CoT, and Y; denotes the generated set of rela-
tion triplets.

To jointly optimize the final relation extraction
results and the quality of SAS-CoT reasoning, we
design a composite reward function. The overall
reward is defined as:

denotes the generated

R :)\fmtRfmt + AtriRtri + )\entRent + Amelfzrel

+ Apronfzpron
(®)
where Ry, denotes the format reward. Ryyi, Rent,
and R, denote the triplet-level, entity-level, and
relation-type-level F1 rewards, respectively. Rpron
denote the pronunciation reasoning reward.
Specifically, we uniformly compute the pronun-
ciation reasoning rewards using normalized edit-
distance similarity:

EditDistance (¢P™", ¢PTo™)
max (’épron|’ |cpr0n‘)
where ¢P"°" and cP"°" denote the model-generated

reasoning chain and the reference reasoning chain,
respectively.

R,=1-

)]
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After obtaining the above composite rewards, we
optimize the policy model with GRPO. For each
input sample (A;, Q;), the current policy model
samples a group of candidate outputs {O; z’G:p and
computes the reward of each candidate output:

ri = R(0%,C},Y)). (10)

Then, GRPO normalizes the rewards within the
same group to obtain the relative advantage:

ot —
Al =3 7 an
J O'j-i-5

where p1; and o; denote the mean and standard
deviation of the rewards of the G candidate out-
puts for the same input, respectively, and § a small
constant for numerical stability.

Based on this relative advantage, the GRPO op-
timization objective can be simplified as:

Larpo == Eoinr, [45logm(0] | 45,Q))]
+ BDKL (7r6||77ref) )

12)
where 7y denotes the policy model, and ¢ de-
notes the reference policy. 5 controls the strength
of the KL regularization term.

5 Experiments

5.1 Datasets

We conducted experiments on three SpeechRE
datasets: CoNLLO04, CommonVoice-SpeechRE,
and our proposed CSRTE. CoNLL04 is English
synthetic speech datasets constructed by convert-
ing text-based RE datasets into speech using TTS
systems. Common Voice-SpeechRE is an English
SpeechRE dataset built from real human-recorded
speech, providing a more realistic evaluation set-
ting. In this paper, we further introduce CSRTE,
a Chinese real-world SpeechRE benchmark built
from human speech, which is designed to evaluate
SpeechRE models under Chinese spoken scenarios.
Detailed statistics are provided in Table 1.

5.2 Evaluation Metrics

Following previous SpeechRE studies, we use
micro-F1 scores to evaluate model performance.
Under strict evaluation, an entity is correct only
if its surface form exactly matches the gold entity,
and a relation triplet is correct only if its head en-
tity, relation type, and tail entity all match the gold

annotation. We also report PAE, which converts
predicted and gold entities into canonical pronunci-
ation sequences and treats an entity as matched only
when the pronunciation sequence, including tone
for Chinese, is identical. Entity matching remains
one-to-one, and relation-type matching remains un-
changed, so pronunciation-equivalent entities can
be treated as valid matches without relaxing the
relation label constraint. PAE does not replace
strict exact matching, but provides a complemen-
tary view for speech-based entity evaluation.

5.3 Experimental Settings

Our model was implemented with PyTorch and the
MS-Swift framework, using Qwen2-Audio-7B? as
the backbone. We adopted LoRA for parameter-
efficient tuning with rank 8 and « 32. In the su-
pervised fine-tuning stage, we used a learning rate
of 2e-4 and trained for 10 epochs. The best check-
point was selected according to the triple F1 on the
development set. We then further optimized the
model with GRPO using a learning rate of 5e-6 and
KL coefficient 5 = 0.04. During inference, we used
greedy decoding with temperature 0.0 and top-k 1.

5.4 Baselines

We compare our model with the following three
categories of competitive baselines:

TextRE Models. TextRE models take textual
transcripts as input and jointly extract entities and
relations. Following Ning et al. (2026), we evaluate
several TextRE baselines: TP-Linker (Wang et al.,
2020), Spert (Eberts and Ulges, 2020), REBEL
(Cabot and Navigli, 2021), BiRTE (Ren et al.,
2022), and OD-RTE (Ning et al., 2023). In ad-
dition, we evaluate several LLM-based baselines,
including GPT-4° and Qwen2.5-7B*.

Pipeline SpeechRE Models. Pipeline SpeechRE
models first transcribe speech into text with ASR
and then apply TextRE models for relation triplet
extraction. Following Ning et al. (2026), we use
a wav2vec-large ASR model for transcription and
adopt the same TextRE models described above.

End-to-End SpeechRE Models. End-to-end
(End2End) SpeechRE models directly extract re-
lation triplets from input speech without relying
on intermediate text transcription. We evaluate

huggingface.co/Qwen/Qwen2-Audio-7B
3openai.com/api/docs/models/gpt-4
*huggingface.co/Qwen/Qwen2.5-7B
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& CoNLLO04-SpeechRE & Common Voice-SpeechRE & CSRTE
Task Model
Entity Relation Triplet Entity Relation Triplet Entity Relation Triplet
GPT-4 (ICL) 61.36 62.67 28.83  57.33 38.32 15.35 68.90 48.26 30.11
Qwen2.5-7B (SFT) 83.71 82.40 5849  71.02 78.37 50.81 82.48 88.04 65.12
TP-Linker 78.63 83.49 5856  64.61 69.31 46.61 75.58 79.07 60.54
Spert 76.38 81.83 63.45  66.34 70.82 47.26 77.61 81.18 61.92
TextRE REBEL 85.36 89.86 7146  71.32 74.32 49.81 82.94 84.11 64.47
BiRTE 79.34 87.34 64.61  67.61 72.35 47.10 78.94 82.49 61.36
OD-RTE 81.81 82.35 60.57  70.61 69.67 47.34 81.64 80.06 61.58
GPT-4,. (ICL) 24.41 70.31 7.13 23.61 4435 4.94 25.18 55.02 11.62
Qwen2.5-7Bye (SFT)  33.70 76.78 1292 33.01 66.93 7.94 28.10 75.12 15.46
TP-Linker e 35.21 78.21 9.76 31.06 64.13 7.61 26.48 71.53 14.24
SpeechRE Spertpipe 30.43 75.95 11.88  32.61 64.48 7.54 26.72 72.41 14.16
(Pipeline) REBEL,;p. 37.06 83.35 14.01 31.54 66.10 7.92 27.50 74.82 15.12
BiRTE,;;. 31.94 76.61 1234 3256 65.12 7.64 26.10 73.02 14.22
OD-RTE e 34.36 79.23 9.83 31.67 65.15 7.56 25.36 72.88 14.08
GPT-40-Audio (ICL) 31.21 59.57 5.64 29.33 31.70 3.12 35.12 40.26 8.72
Qwen2-Audio (ICL) 36.74 16.31 2.31 31.16 14.92 0.85 42.41 25.10 6.72
Qwen2-Audio (SFT) 48.12 81.85 3473 46.80 60.19 24.69 50.87 75.18 29.27
SpeechRE LNA-ED 19.13 56.32 11.12  27.61 38.51 6.01 39.14 49.06 16.37
(End2End) MCAM 40.66 77.61 2271 4534 50.34 15.71 46.92 61.02 20.88
RPG-MoGe 50.21 79.64 24.67  47.20 53.48 18.29 51.83 68.30 25.94
ACREQycn2.5-0mni-3B 56.28 82.90 37.41  49.52 63.18 27.12 50.92 73.06 31.02
ACREQwen2.5-0mni-7B 57.84 85.73 4031  54.35 67.41 29.02 53.74 77.08 33.31
ACREQwen2-Audio-78 58.09 87.14 42.07  53.66 69.58 30.41 53.96 78.25 34.90

Table 2: Performance comparison of different models on SpeechRE datasets under character-level exact-match
evaluation. Entity F1 evaluates entity extraction, Relation F1 evaluates relation-type prediction without exact
entity-pair matching, and Triplet F1 requires the complete relational triplet to match the gold annotation. ICL
denotes in-context learning. Pipeline methods first transcribe speech with ASR and then perform RE, whereas
End2End methods directly extract relational triplets from speech (without an intermediate transcription process).

general-purpose speech LLMs, including GPT-4o-
audio’, Qwen2-Audio®. We also compare with
representative SpeechRE methods, including LNA-
ED(Wu et al., 2022), MCAM(Zhang et al., 2024),
and RPG-MoGe(Ning et al., 2026). Finally, we re-
port the results of our proposed ACRE framework.

5.5 Main Results

To evaluate the effectiveness of ACRE, we compare
it with a broad range of strong baselines, includ-
ing TextRE models, pipeline SpeechRE systems,
and End2End SpeechRE models. As shown in Ta-
ble 2, ACRE achieves the best performance among
End2End SpeechRE methods on both Chinese and
English datasets, and also consistently outperforms
pipeline SpeechRE baselines. We summarize the
main observations as follows.

(1) Compared with conventional end-to-end
SpeechRE models, ACRE achieves consistent im-
provements across all datasets. This demonstrates
the effectiveness of our acoustic-semantic reason-
ing framework. By explicitly incorporating pronun-

> openai.com/api/docs/models/gpt-4o-audio-preview
huggingface.co/Qwen/Qwen2-Audio-7B

ciation cues and contextual knowledge into struc-
tured reasoning, ACRE provides a more effective
solution for SpeechRE.

(2) Compared with LLM-based End2End base-
lines under both ICL and SFT settings, ACRE
achieves better results. This shows that the im-
provement does not simply come from using a large
backbone. In addition, SFT substantially improves
relation prediction and triplet generation over ICL,
indicating that task-specific supervision is crucial
for structured SpeechRE.

(3) Among different backbones, the Qwen?2.5-
Omni-7B version of ACRE outperforms its 3B
counterpart, showing the benefit of larger model
capacity. The Qwen2-Audio-7B version achieves
the best results, possibly because Qwen2-Audio is
more specialized for audio-language understand-
ing, whereas Omni models need to align additional
modalities and may incur an extra “alignment tax’
on speech-centric tasks.

’

(4) ACRE also consistently surpasses pipeline
SpeechRE methods. The gap mainly comes from
entity extraction rather than relation classification.
This indicates that ASR errors mainly hurt entity
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Task Model Metric @ CoNLLO4 4 CSRTE
Entity Triplet Entity Triplet
SpeechRE REBEL ... Strict  37.06  14.01 2750 15.12
(Pipeline) PPe PAE 4177 1685 33.71  20.39
SpeechRE ACRE Strict ~ 58.09  42.07 53.96 3490
(End2End) PAE 6391 4561 6245 42.26

Table 3: Comparison between character-level exact-
match evaluation and PAE on CoNLLO04 and CSRTE.

& CoNLL04 2 CSRTE
Model
Entity Relation Triplet Entity Relation Triplet
ACRE 58.09 87.14 42.07 53.96 78.25 34.90
w/o ARPC 55.21 85.63 39.74  51.08 75.92 31.76
w/lo CGSC 56.42 82.87 37.61  52.18 76.86 31.54

w/o SAS-CoT  51.83 80.32 3496  48.34 70.26 2891
w/o GRPO 52.74 82.76 36.28  51.71 75.84 30.18

Table 4: Ablation study of ACRE on CoNLL04 and
CSRTE. “w/0” denotes removing the corresponding
component from the full model.

prediction, which further limits triplet extraction,
especially in Chinese SpeechRE.

(5) Compared with TextRE models, ACRE is
still less effective at extracting entities and com-
plete triplets, but achieves more competitive results
on relation prediction. This is expected because
TextRE models take transcripts as input, where en-
tity forms and boundaries are explicitly available.
Relation types, however, must be inferred from
input in both settings, which explains why ACRE
achieves relation F1 comparable to TextRE models.

5.6 Results from the PAE Perspective

Table 3 compares character-level exact-match eval-
uation with the proposed PAE metric. Models
obtain higher entity and RTE F1 scores under
PAE, suggesting that exact matching may under-
estimate SpeechRE performance. PAE does not
change model predictions, but evaluates them from
a pronunciation-aware perspective.

The improvement is more evident on CSRTE
than on CoNLLO4. This is because Chinese con-
tains many homophones, where the same pronun-
ciation may correspond to different written forms,
making some predictions rejected by strict match-
ing still reasonable from a pronunciation perspec-
tive. The smaller gain on CoNLLO04 suggests that
exact matching can also introduce bias in English
SpeechRE. Thus, PAE provides a complementary
view, especially for Chinese SpeechRE.

5.7 Ablation Study

We conduct ablation experiments on CoNLL04 and
CSRTE to analyze the contribution of each compo-

nent in ACRE. The results are shown in Table 4.

(1) Removing SAS-CoT causes the largest per-
formance drop on CSRTE, indicating that the struc-
tured acoustic-semantic reasoning process plays a
central role in SpeechRE.

(2) Removing GRPO also leads to clear degrada-
tion on CSRTE. This suggests that reward-guided
optimization further aligns the generated reasoning
process with the final relation extraction objective.

(3) For individual SAS-CoT components, remov-
ing ARPC mainly hurts entity extraction, suggest-
ing that pronunciation cues help identify entities
from speech. Removing CGSC causes a notable
drop in Triplet F1, showing that contextual seman-
tic knowledge provides useful evidence for the
SpeechRE task.

6 Conclusion

In this paper, we address three key challenges in
SpeechRE: the lack of Chinese benchmarks, insuf-
ficient use of speech-specific cues, and evaluation
bias from exact matching. We construct CSRTE,
a real-world Chinese SpeechRE benchmark, and
propose ACRE, which integrates pronunciation
and contextual semantics into structured acoustic-
semantic reasoning. We further introduce PAE for
pronunciation-aware entity matching. Experiments
on Chinese and English datasets demonstrate the
effectiveness of ACRE.
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Limitations

The limitations of our work mainly include the
following two aspects: 1) Although CSRTE is
constructed from real human speech, it does not
fully cover more complex speech scenarios, such as
multi-speaker conversations, strong dialectal vari-
ations, code-switching, and extremely noisy envi-
ronments. 2) ACRE mainly explores pronunciation
for SpeechRE, while other speech-specific cues,
such as pause boundaries, emotion, speaking style,
and fine-grained prosodic variations, are not fully
exploited, which may further improve the overall
performance of our model.
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