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BERMEBICE T SFew-shot P B REN DEIFE & SCIENCE ToKYO

o 2025F KM b, GPT3ITRENLRT = v JIZ K bFew-shotFEHEENHNEIE - BEFE CHLHERINDDH D

NeurlPS'20

Language Models are Few-Shot Learners

2025-12-29
MiMo-Audio: Audio Language Models are Few-Shot Learners

Google DeepMind 2025-10-1

Video models are zero-shot learners and reasoners

LLM-Core Xiaomi

BEZR (HUSELH) BEEHN (F)

Add sound Add sound

Add bark to the speech. Add bark to the speech.

Figure 23 | Gravity and air resistance. On earth (top). Prompt: “The objects fall due to gravity. Static
camera, no pan, no zoom, no dolly.” Success rate: 0.5. On the moon (bottom). Prompt: “The objects
fall down on the moon due to gravity. Static camera, no pan, no zoom, no dolly.” Success rate: 0.5.
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 Self-supervised: HUBERT [Hsu+, TASLP'21] phonetic token transcript
« 774 vK-meansy ZRZY ~ e = B
(o] (o} o N
. N E= =1 ___ N ZAN
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https://arxiv.org/abs/2106.07447
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« FRIFEEEAHUBERTORBHMEAZZDFEFEFILLT=25-0HZzOBFHRL RNILD F— 7 UHALLBLWSLNS
e BV bL—bEREFILIBEREITINL—RFRAT7ADH D70, BAERIZIE L TEWLDLT

77 AR
4 | EEy hL—F
16384 * GLM-4-Voice Table 1. Units Interpretation results. For phonemes, higher
[Zeng+, ICLR’25] 1s better. While for the speaker and gender, a lower score
indicates that the units success ’ignores’ this information.
8192 - SylBoost =¥ X SRR (D4 Model | Size | Speaker Gender | Phoneme

: : 50 1.35 0.66 47.30
[Baade+, ICLR'25] [Kharitonov+, NAACL'22]
Onda+. ASRU'25] cpc | 100 | 235 0.54 4845
- 200 3.70 1.62 47.74
500 - mHUBERT 2000 | 10.39 4.14 44.06
[Hassid+, NeurlPS'23] 15(?0 ?-ZS 8-(1)3 fé-jz
HuBERT ' ' '

100 - HUBERT (GSLM) 4 200 | 1.95 0.21 46.64 | 441

. 2000 5.15 0.65 43.32
By FL—F [Lakhotia+, TACL'21]
[Sicherman+, ICASSP’23]
>
6.25 25 50 7L —LL—}F (Hz)



https://arxiv.org/abs/2102.01192
https://arxiv.org/abs/2305.13009
https://arxiv.org/abs/2410.04029
https://aclanthology.org/2022.naacl-demo.1/
https://arxiv.org/abs/2508.11224
https://openreview.net/forum?id=3tukjsVyrE
https://arxiv.org/abs/2301.00591
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> TEXRLLME LR L TEEZEREORT—IVIERK103DF —X —TiEB\L [Cuervo+, EMNLP'24]
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BLIMPg = 0.23 - C0021 R2 =099 tClozeg;y = 0.24 - C9025 R2=0.99
1017 1018 1019 1020 1021 1017 1018 1019 1020 1021 1022
C (FLOPS) C (FLOPS)

BLIMPZ X7 : EFBETINI2ODERE =0 RN AN LTE &, SCENELWAHOLRENKE IFNILIERF
Topic/Story Cloze X X7 - YEED2OD TV T 4 7 D55, ELWADELENKE IFHILIEMR
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- Speech-text interleaving: SpiRit-LM [Nguyen+, TACL'25]
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https://aclanthology.org/2025.tacl-1.2/
https://arxiv.org/abs/2410.00037
https://arxiv.org/abs/2410.00037
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o WHETIE, ANICEWTEERELTXFRAMNDIEDHIAAZINE
> BEXYTFADPFEL, R—XEEZEETILDTEFR MNEHREEAOPIELONIEBNDDH D

Pattern LLaMA Questions Trivia-QA Web Questions

Text(%) T Speech(%) 1 Rel. T | Text(%) T Speech(%) 1 Rel. 1 | Text(%) T Speech(%) T Rel. T WER(%) |
Interleave 64.67 57.33 0.89 24.776 23.20 0.94 27.29 26.20 0.96 5.11
Parallel 60.67 46.67 0.77 22.51 19.59 0.87 26.99 19.67 0.73 17.94
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https://arxiv.org/abs/2507.15375
https://arxiv.org/abs/2409.11538
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« HEEL N TOInterleavingRIIATIE, BF3: TF X FTOEEATRE ([Zeng+, ICLR'25] & —8)

 InterleavingEfI & L T, BEHIAXED LARENIERI 9D NS [Luo+, AAAl Workshop'26],
[Udandarao+, ICLR'26 (AQ)]

—————————————————————————————————

_l___!_!_!__l___!__!_!_!_! s i s |
llllllllll
(EESEEEEEEE =

speec-only< ] 5151 5] [5/ 5] [S1 81 81 I5J; < 20 2

’ llll@llll S O

Interleaving < ;!:-::!::-.-:-!:-::::.::-!'::.:1 10 7 | Wo rd-IéveI i
!!!_!!!!!!! 02 04 06 08 1.0 02 04 06 08
[S] Speech token  [T] Text token Interleaved Data Ratio Speech Segment Ratio

18


https://aclanthology.org/2025.acl-long.882/
https://openreview.net/forum?id=3tukjsVyrE
https://www.researchgate.net/publication/398923746_BSLM_A_Bi-Level_Speech-Language_Model_for_the_Joint_Modeling_of_Discrete_and_Continuous_Tokens
https://openreview.net/forum?id=4amNkYCDqX
https://openreview.net/forum?id=4amNkYCDqX
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Montreal Forced Aligner (MFA) [McAuliffe+, Interspeech’17]

EFERED, RT—Z U T4 IC8H)

NeMo Forced Aligner (NFA) [Rastorgueva+, Interspeech’23]

WhisperX [Bain+, Interspeech’23]

MMS [Pratap+, JMLR 24]

Qwen3-ForcedAligner [Shi+, arXiv'26]

BAZEZ2UZEERL

HEE L X )lInterleavingD =8O DFEFI 7 A4 A > F

HZE L NJLTlnterleavingd 270218, BHEEBOXALRZ Y THnE

Monotonic-Aligner NFA WhisperX Qwen3-ForcedAligner-0.6B

MFA-Labeled Raw

Chinese
English
French
German
Italian
Japanese
Korean
Portuguese
Russian
Spanish
Avg.

161.1

161.1

109.8 -
107.5 92.1
100.7 145.3
122.7 165.1
142.7 155.5
200.7 -
124.7 108.0
129.8 133.2

33.1
37.5
41.7
46.5
75.5
42.4
37.2
38.4
40.2
36.8
429

[Shi+, arXiv'26]
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https://www.isca-archive.org/interspeech_2017/mcauliffe17_interspeech.html
https://www.isca-archive.org/interspeech_2023/rastorgueva23_interspeech.html
https://www.isca-archive.org/interspeech_2023/rastorgueva23_interspeech.html
https://www.isca-archive.org/interspeech_2023/bain23_interspeech.html
https://www.jmlr.org/papers/v25/23-1318.html
https://arxiv.org/abs/2601.21337
https://arxiv.org/abs/2601.21337

Warmup Stable Decay (WSD) FEEE X4 ¥ 1 —F [Hu+, COLM’24]
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https://openreview.net/forum?id=3X2L2TFr0f
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. 7877X0)LLI\/I7§:”“7767‘- CIFEMHIABCIZ LD ET HR—/X—a v 1 —XHRE

- FEREZREMET SICIE, 7)|/7‘/ — FEENER #1/bin/bash

) qSUb’C\VZ&—\/ —F (/ -~ l‘O) ~Y s 7?X)\ . _ #$ -1 node_f=4 ## Number of node

o YRAX—/—RKTOmMpiruniBHT, &/ — K Tpythond— FZZEAT | #$ -1 h rt=24:00:00 ## Running job time

load openmpi/5.0.7-nvhpc
load cudnn/9.0.0

load nccl/2.20.5

load miniconda

MASTER_ADDR=$( -n 1 $PE_HOSTFILE | ‘{print $1}")
"{print $1 " slots=4"}' "$PE_HOSTFILE" > hostfile

ubX7U7l\ &/ —F

export MASTER_ADDR=$MASTER_ADDR
export MASTER_PORT=29500

mpirun
--hostfile hostfile
-npernode 4
-n 16
--bind-to none
-X MASTER_ADDR=$MASTER_ADDR
-X MASTER_PORT=$MASTER_PORT
bash -c '
conda activate py310
python train.py

ssh

GPU4-7

______________________________________________

e B _AL o = .
4/ — F16GPUDHZ T qsubX 7 U 7+ @ Dshell script)
https://github.com/ryota-komatsu/speaker disentangled hubert/blob/main/scripts/run speechim deepspeed.bash 25§



https://github.com/ryota-komatsu/speaker_disentangled_hubert/blob/main/scripts/run_speechlm_deepspeed.bash
https://github.com/ryota-komatsu/speaker_disentangled_hubert/blob/main/scripts/run_speechlm_deepspeed.bash
https://github.com/ryota-komatsu/speaker_disentangled_hubert/blob/main/scripts/run_speechlm_deepspeed.bash
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Automatic Mixed Precision (torch.amp) SCIENCE TOKYO

- Forward/Backwardit& % bfloatl6 TEITT 2 2 & TX TV HIE

c ETILDRRAR—=NFIA—R%p32THRET 22 & T, EABHMTFOBELTEERER

« Tensor CorefZ=id®NVIDIA GPUDIFE, bfloatl6e/EEN/N—F 7z 7HERBELINTE Y, FEHEHEL

« Bfloatl6ldfple & W BE IFEWA, IBEEHAPI2ER[MLETHY, A—"=—70O=1EIVYIZ< W=, LLM
TIEE LT ->TWS

Sign Range Precision
— \ N\

fp32 master update bf16 —

weights gradients TF32 Range

copy&cast backward
TF31 Precision
forward
DS bf16 loss FP16

weights

https://docs.nvidia.com/deeplearning/tensorrt/latest/inference-library/accuracy-considerations.html
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DeepSpeed ZeRO [Rajbhandari+, SC'20]
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https://arxiv.org/abs/1910.02054

Transformers
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Automatic mixed precision & DeepSpeed ZeRO (& transformers.Trainer % E O A CEIE (ZF AR BE

import deepspeed
from datasets import load dataset
from transformers import AutoModelForCausallLM, AutoTokenizer, Trainer, TrainingArguments

def :
deepspeed.init_distributed()

model = AutoModelForCausallLM.from_pretrained(“Qwen/Quwen2.5-7B")
tokenizer = AutoTokenizer.from pretrained("Qwen/Quen2.5-7B")
train dataset = load dataset(

"HuggingFaceTB/smollm-corpus", "fineweb-edu-dedup", split="train"

)

training args = TrainingArguments( { "hf16": {
bf16=True," . "enabled": "auto"
deepspeed="ds zero2 bfl6.json", Y,

"zero_optimization": {

. ) "stage": 2,

trainer = Trainer( "allgather_partitions": true,
model=model, "overlap _comm": true,
args=tralining_args, "reduce_scatter": true,
train_dataset=train_dataset, "contiguous_gradients": true
processing class=tokenizer, 3, -

trainer.train() ;

https://github.com/ryota-komatsu/speaker disentangled hubert/blob/main/src/speechlm/train.py
https://github.com/ryota-komatsu/speaker disentangled hubert/blob/main/configs/speechlm/ds zero2 bfl6.json

SCIENCE TOKYO
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https://github.com/huggingface/transformers/blob/main/src/transformers/trainer.py
https://github.com/ryota-komatsu/speaker_disentangled_hubert/blob/main/configs/speechlm/ds_zero2_bf16.json
https://github.com/ryota-komatsu/speaker_disentangled_hubert/blob/main/configs/speechlm/ds_zero2_bf16.json
https://github.com/ryota-komatsu/speaker_disentangled_hubert/blob/main/configs/speechlm/ds_zero2_bf16.json
https://github.com/ryota-komatsu/speaker_disentangled_hubert/blob/main/src/speechlm/train.py
https://github.com/ryota-komatsu/speaker_disentangled_hubert/blob/main/src/speechlm/train.py
https://github.com/ryota-komatsu/speaker_disentangled_hubert/blob/main/src/speechlm/train.py
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« Interleaving|Z & 2 %18 #x#% D (T A D fZEA
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https://arxiv.org/abs/2406.00899
https://arxiv.org/abs/2501.15907
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Layer-wise speech-text similarity [Nguyen+, TACL'25] SCIENCE TOKYO
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https://aclanthology.org/2025.tacl-1.2/

Modality-based layer split [Zhao+, ICLR’26]

s BRIBZZBEXVFTATRHMT 22T, NHFODEXY T 4ICBWTHEER L
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Stage | LM Head LM Head
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& Text ¢, Speech
Embedding | | Embedding

Table 6: Ablation study on pre-training strategy. FP: Frozen Pretrain (text parameters frozen
during pretrain). FP-Full: all parameters unfrozen after Frozen Pretrain. FP-Layerwise: shared
layers gradually unfrozen from last to first. FP-Shared: only speech—text shared layers unfrozen,
text-specific remain frozen. NF: No Frozen Pretrain (all parameters trained directly). NF-NoSplit:
NF without Modality-Based Layer Split, i.e., speech tokens added directly into text vocab without
modality-specific layers. All models are trained for around 2 epochs on the pre-training dataset.

: Speech Text
Model SplitLayers ¢~ §.C. 7htS.C. zh-sS.C.| MMLU CMMLU
FP—Full 4 85.20 63.12 9021 7210 | 6650 69.15
FP—Tayerwise 7 47T 6264 9011 7157 | 6882 6976
FP—Shared 4 8327 63.50 90.11 72.69 | 67.26  69.27
NE 8 78.73 5633 88.88  69.16 | 62.92  63.84
NE 6 79.05 56.49 89.10 67.93 | 6327  63.79
NE 4 77.66 56.60 8851  67.56 | 62.11  64.11
NF 7 7809 3687 8862 6837 [ 6292 6373
NF-NoSplit 0 77.12 5580 8872  67.02 | 6097  63.73
Qwen3-8B i - - ] - 76.60 7735
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https://openreview.net/forum?id=zjaV5zmlkl

Multi-Level Fission [Cuervo+, arXiv’25]
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https://arxiv.org/abs/2503.06211
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