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*Radford A, Kim J W, Xu T, et al. Robust speech recognition via large-scale weak supervision[C]
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*Gao Z, Zhang S, McLoughlin I, et al. Paraformer: Fast and accurate parallel transformer for non-autoregressive end-to-end speech recognition[J].
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*Gao Z, Zhang S, McLoughlin I, et al. Paraformer: Fast and accurate parallel transformer for non-autoregressive end-to-end speech recognition[J].
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ZRBREFFREZKRE *https://platform.stepfun.com/docs/api-reference/audio/transcriptions
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[1] Yang X, Li J, Zhou X. A novel pyramidal-FSMN architecture with lattice-free MMI for speech recognition[J]. arXiv preprint arXiv:1810.11352, 2018.
Qcon [2] Gulati A, Qin J, Chiu C C, et al. Conformer: Convolution-augmented transformer for speech recognition[J]. arXiv prep!hfm%wo.
LHRBEFEAS [3] Bai Y, Chen J, Chen J, et al. Seed-asr: Understanding diverse speech and contexts with lIm-based speech recognition[J]. arXiV pr arXiV 2407 .046
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IR T $zhemg, Zigiang, et al. "Speak foreign languages with your own voice: Cross-lingual neural codec language modeling." arXiv preprint arXiv:2303.03926 (2023).
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ERMEFRKRE *Cui W, Yu D, Jiao X, et al. Recent advances in speech language models: A survey[J]. arXiv preprint arXiv:2410.03751, 2024.
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ERRMAEFRKE *Hurst A, Lerer A, Goucher A P, et al. Gpt-4o system card[J]. arXiv preprint arXiv:2410.21276, 2024.
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* Continuous Features
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*Baevsk%mamed A, et al. wav2vec 2.0: A framework for self-supervised learning of speech representations[J]. Advances in neural inmﬁﬂrﬂgﬁﬁems,
2020, 33 WH46H 2605
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*Hsu WQQQBY H H, et al. Hubert: Self-supervised speech representation learning by masked prediction of hidden units[J]. IEEE/ACM tlﬂiﬁ& Jﬁ%‘),&@ch,

and langaab e prétessing, 2021, 29: 3451-3460.
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*Chiu CQQ%Y et al. Self-supervised learning with random-projection quantizer for speech recognition[C]//International Conference on I\nflﬂoem%ﬁm
2022: 3FABIPHT A A=
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EHRMHEF R AE *Défossez A, Copet J, Synnaeve G, et al. High fidelity neural audio compression[J]. arXiv preprint arXiv:2210.13438, 2022.
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*Liu H, XX ANidhA 7eFal. Semanticodec: An ultra low bitrate semantic audio codec for general sound[J]. IEEE Journal of Selected Topics in Signal Processing, 2024.
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iscrete
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*Wang I,QQUQ,Q&\I. Speech discrete tokens or continuous features? a comparative analysis for spoken language understanding in speechlmtp.Qv m%g km

arXiv:ZS%ﬁ%%ﬁ, 2005
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«Arora SEGhEG K A CGhien C M, et al. On the landscape of spoken language models: A comprehensive survey[J]. arXiv preprint arXiv:2504.08528, 2025.
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* Continue Pretrain

« T4 LLM

* Stage 1: 4 ASR X IBFFFIEF X ARYFEZ [8) (100B)

* Stage 2: F i3k, TTS + IBEFOEHEFZERIEE token (128B)
« 18 128B M AEIE

» Stage 3. IEXTII%ME, KERKR=LIE (4008)
* ASR, TTS, EBEEF®E, BEXNE, XAEZEHISS
o« 18 400B M AEIE

« Stage 4: Midtrain, ‘bE5HKE=E. MiE{cEdE (1008B)
* ASR, TTS, BEEF#E, BEXNE, XXAETEHZEE, BHESERIERE
« Y2187 100B XA ZHE
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s REHIEL BRI aESEM. 8hESERIEMREHEIELUE

- ILREHIE, PPO ZHIKE SRS, GRPO s®m{LES
* PPO: i/ binary reward, 1if 0 < length < 200 else 0
o IUMAMEXT R 3~5s Y2 A (8]
* GRPO: group size 8, temperature 1
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Doubao GPT-40 Kimi- Qwen-  Step-

Category Test set LLMASR Transcribe Audio Omni Audio 2

o ] .t:lﬁg Common Voice 9.20 9.30 7.83 8.33 5.95
1|:I H = FLEURS English 22 2.71 4.47 505 303
N English LibriSpeech clean 292 L7 1.49 295 1.17

o BEIE-EL /El Ij:lj IJ LibriSpeech other 5.32 4.23 291 5.07 2.42
o _ Average 6.17 4.50 4.18 535 3.14

o =z ibm ’3 I=I|J ‘Eé‘f@ﬁ”

B I8 lg 5 + AISHELL 0.98 357 0.64 | bal b 0.63
AISHELL-2 3.10 4.26 2.67 2.40 2.10

FLEURS Chinese 292 2.62 201 701 2.68

Chinese KeSpeech phasel 6.48 26.80 f | 6.45 3.63

WenetSpeech meeting 4.90 31.40 021 6.61 4.75

WenetSpeech net 4.46 1591 3593 5.24 4.67

Average 3.81 14.05 375 4.81 3.08

FLEURS Arabian N/A 11.72 N/A 2513 14.22

Multilingual = Common Voice yue 9.20 11.10 38.90 7.89 7.90

FLEURS Japanese N/A 3.27 N/A 10.49 318

Anhui accent 8.83 50.55 2217 - 1893 10.61

Guangdong accent 4.99 7.83 3.76 4.03 3.81

Guangxi accent 337 7.09 4.29 3.35 4.11

In-house Shanxi accent 20.26 55.03 sS4l 2 2505 12.44

Sichuan dialect 3.01 32.85 5.26 5.61 4.35

Shanghai dialect 47.49 89.58 82.90 58.74 17.77

Average 14.66 40.49 25.52: 1940 8.85
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. ERIDR Ui TARYEY [B]SEE20.0s%8]18.65s,
ERssli ESHAAE: RIRRRSSERBE — 845358 5. BBt
- BENESIEMR T, ik, FHOTILAAEKABAEIR, BEE2HRT AR EHKENERIR. K
. MRERE o [ ABE KB ER R, (BEEERA Hik M BH IR,
~ XE—(IERLM, FMAAEISE 5S> 8, SRR S
o FEEIRF e ERRE BWERS. tMFIMANTRFREAEC
. TIiEe %, BEPRRFTHEGRNEER. wHNEFSEAMSEER B
FBEEEIFES, WITEREAMFNOCHES. £52T, BFS
RORHENERE, 25T, SEH—MEIEIMAZININE,
i By FRIE I N RS2 E —FRAE S RIS | AEIERIEN R .
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- PRI

- THRIF

Table 5: Comparison between Step-Audio 2 and Qwen3-32B on StepEval-Audio-Toolcall. "Qwen3-32B is evaluated
with text inputs. *Date and time tools have no parameter.

Model Objective Metric Audio search Date & Time* Weather  Web search
Trigger Precision / Recall 67.5/98.5 98.4/100.0 90.1/100.0 86.8/98.5

Qwen3-32BT  Type Accuracy 100.0 100.0 08.5 98.5
Parameter Accuracy 100.0 N/A 100.0 100.0
Trigger Precision / Recall 86.8 /99.5 96.9 /98.4 92.2/100.0 88.4/95.5

Step-Audio 2 Type Accuracy 100.0 100.0 90.5 98.4
Parameter Accuracy 100.0 N/A 100.0 100.0
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*Aror%?@h%r%ﬁ%?Chien C M, et al. On the landscape of spoken language models: A comprehensive survey[J]. arXiv preprint arXiv:2504.08528, 2025.
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