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Mastering diverse control tasks through
world models
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Received: 5 April 2024

Accepted: 5 February 2025 Developinga general algorithm that learns to solve tasks across a wide range of
Published online: 2 April 2025 applications has been afundamental challenge in artificial intelligence. Although
current reinforcement-learning algorithms can be readily applied to tasks similar to

Open access
t what they have been developed for, configuring them for new application domains
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AXRETHE=C Dreamer 8i%, —M@ERARYREIAFL (model-based) 38tF37531%, SHELERE
BEHEREBAENAESHRIATEI IBMIEIE. Dreamer BEZFIIMNEAIEAERT (world model)
FEBETAG BR" EMRUKKRER) KT, NREEEASIREESZHSE, (FERTTIE—
. FEHBIFEZIRAS —RIISHEERE, CREEENTEA, Eizd]. BauhF. WSS
INME TR |45, SEIQUERR, Dreamer fHEBT 150 NMEGIES L, ERE—EESHHMEERS N NSER

BINRSEHTE, RENEMRE, Dreamer EEIRETENETA. MAMAX N CHIRIERIEHER
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Fig.1|Training process of Dreamer. The world model encodes sensory inputs reconstructed as X, using the decoder (dec) to shape the representations.
x,using the encoder (enc) into discrete representations z, thatare predicted Theactor and critic predictactions a,and values v,and learn from trajectories
byasequence model withrecurrentstate h,givenactionsa,. Theinputsare ofabstractrepresentations Z,and rewards r, predicted by the world model.

o FSUMIMAI—ENIERE: Dreamer BT 150 MARES L, LIEIERESHEE, MetEMSMUREN
LI TENRRSCHEER, AT ERSHERTE.

® HIXMNEFHATE Minecraft FRSEREHEKIEESS: £ Minecraft iXF—EERERR. KTMLIFEK.
FHFRRRMERAGEAMEF, Dreamer TEHTARTEEIRERIT, BEEEEFSWERNEG, HIANE Al
USRI A BIEE.

o SHEMHNHSEEZEHERRE: NEREESIPMRRA TEIRE, FESINTSHERIERA (103
—{b. BRRITE, THRSRIES) |, FHL actor/critic BERFKIER (BRHUBEHIT) LULILEREE, NmEE

ERTT AP ST,
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Paper: https://www.nature.com/articles/s41586-025-08744-2.pdf

Github: https://github.com/danijar/dreamerv3
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YOLOv12: Attention-Centric Real-Time Object Detectors
Yunjie Tian Qixiang Ye David Doermann
University at Buffalo University of Chinese Academy of Sciences University at Buffalo
yunjieti@buffalo.edu gxyel@ucas.ac.cn doermann@buffalo.edu
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AKXNET YOLOV12, —NAEEANEI At ORISERS BAMEINIESR, (2B STEMRER DERIR
BREAN CNN-based HREURIESE, TERIF/ERERIER, LI TSMWAE CNN-based #&REUAZAYHEE
BEE, YOLOV12 5|\7T Area Attention (A2) #&5#1 Residual Efficient Layer Aggregation Networks
(R-ELAN) 65T, LM EREMISGIREM. £33, YOLOV12 it EMalEE ERIHE,

EHiMReBH T YOLOV10/11-N #1 RT-DETR/RT-DETRV2 Zii Tiaay,
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Criss-cross attention Window attention Axial attention Area attention (Ours)

Figure 2. Comparison of the representative local attention mechanisms with our area attention. Area Attention adopts the most
straightforward equal partitioning way to divide the feature map into [ areas vertically or horizontally. (default is 4). This avoids complex
operations while ensuring a large receptive field, resulting in high efficiency.
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o FEHNEISEERFEHE: YOLOVI2 ERFEIMBIEGETENFIBIN YOLO R, BEIMRF T SE5R
CNN BEURIBSEANERE, 5T CNN 7RSS IS,

o GUFRRGIEIRMLIRIT: 183X5INT Area Attention (A2) &R, BREEMREITESRMIIRINRIFARZE.
tHh, BT Residual Efficient Layer Aggregation Networks (R-ELAN), @3 e L AHESS
BIE, BBRT KRWERED) |1 hRIRSRE (EiE1E.

o RHEAYSIIERE: YOLOVI2 TLEMMFIREZAIE T BEAIFE. a0, YOLOVI2-N £ T4 GPU L
SCILT 40.6% B9 mAP, HEERER{N 1.64 2, fEMBELE#MT YOLOV10-N 71 YOLOVI1-N, EHE

S BRI, SEFIS BRIESMETT S ET IR ES.
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Paper: https://arxiv.org/pdf/2502.12524
Github: https://github.com/sunsmarterjie/yolov12/tree/main
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Foundation model of neural activity predicts
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Published online: 9 April 2025
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Eye posite”

Fig.1| ANNmodel of the visual cortex. Top left, anin vivorecording session boxesrepresentthe output features of the core at thereadout position of the
ofexcitatory neurons fromseveral areas (V1, LM, RLand AL) and layers (layer neuron,and the fanning black lines represent readout feature weights. The top
2/3(L2/3), layer 4 (L4) and layer 5 (L5)) of the mouse visual cortex. Right, the ofthe schematic displays the neural activity for asampled set of neurons. In vivo
architecture of the ANN model and the flow of information frominputs (visual andinsilicoresponses are shown for two example neurons. Stimulus adapted
stimulus, eye position, locomotion and pupil size) to outputs (neural activity). from Sports-1M Dataset (Andrej Karpathy; https://cs.stanford.edu/people/
Underlined labels denote the four mainmodules of the ANN. For the modulation karpathy/deepvideo/); copyright 2014, [EEE, reprinted with permission from
and core, the stacked planes represent feature maps. For the readout, the blue IEEE Proceedings, IEEE (CCBY3.0).
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o FEIHRIMHE RFRNEES : IZAREA(EBE AR TRIE®, RREHEIITNESEBIRIEL (2N
EEIVIRSEG) TRMEED, B TRARIERA.

o HAMRENZOIIEBEIME: @)% "Btz FFSENATHIVNG, REEEREDEIGETE
RIS PEISRRETIN, ABEETHESRIMAMUEEL, BEIRS T HIEERIZ (LR
o MRIFSINREETNNMGES : %R (NEEBTRNEHLER, TREET IR ASTUNAESZHE, N4HiE

SREINISARERRNE, FEEM-THRER RRVAAFIRM T HHI TEAITIEA.
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Paper: https://www.nature.com/articles/s41586-025-08829-y
Github: https://github.com/cajal/fnn
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LLMs are Bayesian,
In Expectation, Not in Realization

Leon Chlon Sarah Rashidi Zein Khamis MarcAntonio M. Awada
Hassana Labs Hassana Labs Hassana Labs Harvard University
leo@hassana.io sarah@hassana.io 2zeinG@hassana.io mawada®@hbs.edu

Martingale Gap Analysis: Main Results and Robustness
Martingale Gap Scaling: Raw vs RoPE Debiased
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Figure 1: Martingale violations follow theoretical predictions. Raw and debiased gaps both exhibit
©(log n/n) scaling, with model comparison strongly favoring our theoretical prediction over classical
©(1/n) scaling. Debiasing removes periodic artifacts while preserving fundamental scaling behavior.
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IZIERN T ABUESIER (LLMs) SMMEEREZEINXR, FHRET—EEMUS: LLMs £ "Hf
2" (in Expectation) EmELFRIENMERTA, BFE "BIL” (in Realization) E@E_EFIEML. HRA
W, B LLMs BTN MHEREIRATEARES (WEHES) . BelIEsIRERS MR
ENMHEMAIMFER, XERE LLMs FEERMREMRT, EMERUEIHIFF &S E UM EHERRL, X

T EEEENTBREEEERE X,

FERR
o &5 LLMs SMIHHMEERIXER : iICNERRFMHEICIE T LLMs FINMHEMTAREET "HI2R" mdF "I
X" EHE. X79ERE LLMs iIaRMEAHE MRS ERTR A TASHRVERICESR, BR T LLMs BRERT

MM EREIRTIRAE.

LLMs EEZESEIMES PRI, ZEZETLIEN LLMs S RIHEHEERNRE, AFRRAMEEITEfLR
HTFNIE.

o B LLMs MIATERMRIE: 1©30BELIORA, RE LLMs fE5RE LR TESEH, EEiIEmau=R
SEEFE "TEBRE" 5 IHER" fRE. X—ARIERT LLMs RS EEEA A RE B E

RIRTERMREE, X LLM ERlZ. ERMSFRESEERNRETHNAEEEEESENX.
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Paper: https://arxiv.org/abs/2507.11768
Github: https://github.com/leochlon/hallbayes
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Neural-Driven Image Editing
Pengfei Zhou!", Jie Xia?*', Xiaopeng Peng®’, Wangbo Zhao!, Zilong Ye?, Zekai Li!,
Suorong Yang'*, Jiadong Pan?, Yuanxiang Chen®, Zigiao Wang', Kai Wang!, Qian Zheng?,
Xiaojun Chang™®, Gang Pan?, Shurong Dong?!, Kaipeng Zhang’-%!, Yang You!
'NUS 2Zhejiang University 3RIT “NJU USTC ®MBZUAI "Shanghai Al Lab 8SII
https://loongxl.github.io

NERE

AIIRET LoongX, —FhETHEIMNEGREN %, SEEESESHEEIRESITINRFIRIE
&4miE. LoongX FRIEFAY BURE, G T — MBS 23,928 MEIGIRIEXIRIEIESE, BEIERESE
SHIRNEEE (EEG) . DOREMEALISMGIE (fNIRS) | SYRREFRKERIMICE (PPG) FILEBEEES, LUHIE
BFREE. AT7TEREXERERES, LoongX M7 MRERR: BRERSEE (CS3) &R
&I JERIE (DGF) &R, X MERA LA EESIHHER SIS —ABETES, FETRUET sEstk
g% (DIT) BHTEMIFF. LoongX BISIXFREIFRITTIE, ML TEIGIRIERBaNt, TS RIERF I
ZESTHETMANER MEIRESR, LERKA, LoongX NWEHRIRIENRAME ESETXANE

BIRIBLAES, AFEEEEGHIESTIESRILEMMNEE, Bx 7 EE MEANSER S EaILs.
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o fNIRS LED transmitter

O PPG PD receiver

O EEG EEG electrode
Motion <, Reference

Figure 1: Illustration of LoongX for hands-free image editing via multimodal neural signals.
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o ZIEBIESHE: LoongX @IigRA EEG. fNIRS, PPG fILZRizm=S, ST T A EEREHEHIE,
AN EGRERME T HI

o IERENSEMEER: BETERENSTERR, SRR 7 RERNEESANHE, FER T EGmE
BOAERfE

o FHEIUTRMSIEIR: BRIt TS HERESER, BUERMETEESAIRHE, =TT BGdRENSRAITRY

MEFROMEAL.

EE S

Paper: https://arxiv.org/abs/2507.05397
Github: https://loongx1.github.io/
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Disentangling the Factors of Convergence between
Brains and Computer Vision Models

Joséphine Raugel''?, Marc Szafraniec!, Huy V. Vo!, Camille Couprie!, Patrick Labatut!, Piotr
Bojanowski!, Valentin Wyart?, Jean-Rémi King!

IMeta AI, 2Ecole Normale Supérieure - PSL Université
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A Measures B Factors C similarity Metrics
DINOV3 Model size

=

XGRnxd ainir

. “ Temporal score
0@ o, Dk

[\VJ'V je l\ pe

Y € R™ Il@—‘ corr(WX,Y)e>Encoding score

A. We compare the activation of DINOv3, a state-of-the-art self-supervised computer vision model trained on natural
images, to the activations of the human brain in response to the same images. B. To understand the factors that
make DINOv3 more-or-less similar to the brain, we train from scratch a variety of models on different image domains
(pictures from human-centric cameras, satellite images or biological data), and with a varying amount of data. C.
We compare each model to both functional Magnetic Resonance Imaging (fMRI, with high spatial resolution) and
Magneto-Encephalography (MEG, with high temporal resolution) by computing the overall linear similarity of their
representations (encoding score) and the similarity of theii hierarchical organization (spatial and temporal scores).

RIGRNFT T AT EESREME BB AEGRE, IMIERIEEE S AERREBNNE. HREIE

NP

—Z&YBENIAEHEE (DINOV3) |, RETthiEEREIEE, il

\SZ

11

X L]

SRS B B IAEAARREREU . IS S ASSRIAITIREEIIRAE (TMRI) FORXHEE! (MEG)

FIRHITILR, TARAI: HENIR, )| E0EEFEIRSE IR BB s/ ItEBIRIpRSEtilt; Ighdiz

PAVAVAVAVFAVAFAFAZVE

)

/

(AAY



12

&, REELESARKRNRERERARIITT, MEZ TR AMAIEEIFIRIERHZRAE; R IGEARIR

B ZRALAIRI T S AR ERIESHFINREF AR, WRERIARET R, EE. EEERNNERES. X

ERIE T N T HEMSENTRIE LAARIGASSRINRIITRE, NIEEARARII IR H R R T

FHIME.

FERR

ot

o ZAEMILINRIT: BERFIHIFEEEIZA, ) |ISEIRENEGREEFRER, RADTT 7 XEERIIRENK
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Paper: https://arxiv.org/abs/2507.05397
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R-4B: Incentivizing General-Purpose Auto-Thinking Capability in MLLMs via Bi-Mode Annealing and
Reinforce Learning

HEH
2025-08-28
-4B: INCENTIVIZING GENERAL-PURPOSE AUTO-
THINKING CAPABILITY IN MLLMS VIA BI-MODE
ANNEALING AND REINFORCE LEARNING
'Tencent Hunyuan Team ’Institute of Automation, CAS
) nttps://github.com/yannqgi/R-4B
¥ https://huggingface.co/YannQi/R-4B
REHEE

AIGRET R-4B1ELE, ETHRBSIESKESIEE (MLLMs) MIBREMNRERE. HRINSESKIE
SREEMESZYTSE, KT EREERE, XURENTFERESRRoeETER, SEutE
RIFAYRZE, A THRRX—A#, R-4B 5|INTIUREX (Bi-Mode Annealing) #s&{t=>) (Reinforcement
Learning) #l#l, {FIREGEHIRIEESHSNEBENIPEREEEHTHEE, HMNHITERER. JURERXH
RSB BT IR PRIES RIS NS RIS EERE, MR FINAERMUHEEIEPIURRNE., 1F
FBTAESLWINIE TiZ5EESESHEGNERI, R-4B ERESESEN AR ETERASTERER T2
ZNE, LIRERRKA, R-4B BHEARIIFHEISERESITTENE, T2 MES LRETIREAMRER

W, NEEHENEMSREEL EESR T EE NS,
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B R-4B [AutoThink] ™ Keye-VL-8B [AutoThink] M InternVL3.5-4B Kimi-VL-A3B-Thinking-2506 M InternVL3-8B M Qwen2.5-VL-7B
731728
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1668 66. e
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1 271
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MMMU MMStar CharXiV(RQ) MathVerse-Vision DynaMath LogicVista
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s

w
o

N
o

-
o

Figure 1: Comparison between R-4B-RL and frontier open-source MLLMs, including non-thinking
MLLMs (e.g., InternVL3-8B, Qwen2.5-VL 7B), thinking MLLMs (e.g., Kimi-VL-A3B-Thinking-
2506) and auto-thinking MLLMs (e.g., Keye-VL-8B), on different benchmarks.
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® WHRBKHNF: BIUERKANEI, R-4B BB AR, RIBESEREBIENEFERIRE,

MRS R E R IR .

o IBLFEIMM: FEEMEIMMHEBIETRIRRIVE, BIREREBEARSRENESTEIIUT,
HERRD AL EATHERI TR,

o SCISISE: S MRIAHISIEME LHTIRE, R-4B ERSASEM T ENRTERNHEE, HE

RN AMRIRHE D EELIE T EE RS,

EE S

Paper: https://arxiv.org/abs/2508.21113
GitHub: https://github.com/yannqi/R-4B
Model: https://huggingface.co/YannQi/R-4B
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Implicit Reasoning in Large Language Models: A Compre-

hensive Survey

Jindong Li*
Hong Kong University of Science and Technology (Guangzhou)

Yali Fu*
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Li Fan
Hong Kong University of Science and Technology (Guangzhou)

Jiahong Liu
The Chinese University of Hong Kong

Yao Shu
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Chengwei Qin
Hong Kong University of Science and Technology (Guangzhou)

Menglin Yang!
Hong Kong University of Science and Technology (Guangzhou)

Irwin King
The Chinese University of Hong Kong

Rex Ying

Yale University
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The final answer is 48. I The final answer is 48.

U4 » e 7 \
Explicit Reasoning J mplicit Reasoning \
Question: Samantha had 5 packs of markers. Each pack had 12 markers. Question: Samantha had 5 packs of markers. Each pack had 12 markers. !
She gave 9 markers to her friend and lost 3. How many markers does [ She gave 9 markers to her friend and lost 3. How many markers does I
Samantha have now? | Samantha have now? |
S g [ ! !
l Step 1: Samantha has 5 packs of 12 markers: 5 x 12 = 60 markers in total. l I| Layer1/State 1 |
H Step 2: She gives 9 markers to her friend: 60 — 9 =51. “ 1] Layer 2 / State 2 |
] Step 3: She loses 3 markers: 51 — 3 = 48. ] || Layer 3/ State 3 |
] Step 4 She has 48 markets now. I Il Layer 4 / State 4 I
| Athinko \ I 1 '
LY ) ) (L L) i [ il ] I |
|
|
|
|
\

h-

Inefficient l Constraint l

Figure 1: Comparison between explicit and implicit reasoning in LLMs. Explicit reasoning shows each step
by producing natural language explanations, as illustrated on the left. The model describes the problem-
solving process one step at a time. In contrast, implicit reasoning, shown on the right, handles the process
internally across different layers or states without writing out any steps. Explicit reasoning is less efficient
because generating text takes time and resources. Implicit reasoning happens inside the model by hidden
representations, supporting faster processing. Also, explicit reasoning is limited by the structure of language,
while implicit reasoning allows many types of internal computation without needing to be described in words.
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Figure 2: Paradigm shift from LLM-RL to agentic RL.
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Figure 1 The main design of REFRAG. The input context is chunked and processed by the light-weight encoder to
produce chunk embeddings, which are precomputable for efficient reuse. A light-weight RL policy decide few chunks to
expand. These chunk embeddings along with the token embeddings of the question input are fed to the decoder.
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Figure 1: Filter performance on different 2D systems: ground-truth trajectory (black),
measured (blue), and predicted (red). (a) system with only measurement noise ( o2 =
0.0, n? = 1.0). (b) system with both process noise and measurement noise (0> =

0.3, 0% = 0.5). (c) higher noise (¢ = 0.5, n* = 2.0).
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Figure 1: Is-It-Valid requires learning to identify valid generations using labeled + examples (left).
Classifiers (dashed lines) may be accurate on certain concepts like spelling (top) but errors often
arise due to poor models (middle) or arbitrary facts when there is no pattern in the data (bottom).
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Figure 1 | Schematic and performance of our method. a, Schematic of our method algorithm. A
scorable task, together with research ideas proposing methods to solve the task, are fed to an LLM,
which produces code to evaluate the scorable task in a sandbox. This is then embedded within a tree
search algorithm, whereby new nodes are chosen balancing exploitation and exploration, sampling
from the LLM (Methods). b, Performance of code generation methods on Kaggle Playground
benchmark. Results report the average public leaderboard percentile performance over 16 tasks.
Methods based on our method are listed in bold. Error bars indicate standard deviation. BDT,
boosted decision tree. ¢, Mechanisms used to create initial research ideas to solve scientific problems.
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Figure 1: K2-THINK exhibits remarkable parameter efficiency, providing comparable or superior performance to
frontier reasoning models in complex math domains with an order of magnitude smaller model. The composite
score here is the micro-average for each model over four complex math benchmarks, weighted by the number of
questions in each benchmark (AIME 2024, AIME 2025, HMMT 2025, and Omni-MATH-HARD; see Section 3 for
the benchmark details). Note: parameter counts for proprietary models are speculative.
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Figure 1 | Overview of the survey. We introduce the foundational components of RL for LRMs,
along with open problems, training resources, and applications. Central to this survey is a focus on
large-scale interactions between language agents and environments throughout long-term evolution.
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Phase 1: Initial Fine-tuning Phase 2: Chain-of-Thought (CoT) Instruction Tuning Evaluation Phase

Figure 1: The PDDL-INSTRUCT approach consists of three phases: Two training phases (Initial and
CoT Instruction Tuning) and evaluation phase. The main innovation lies in the second phase: CoT
Instruction Tuning (highlighted by the red boundary). The initially tuned LLM is further trained
using a structured instruction process that emphasizes complete logical reasoning chains.
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Figure 1: Illustrations of GRPO and the proposed SPO.
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4D Representation Reconstruction Understanding
—r -

iAerial view of Japanese city ... :
| Asian city at night with .. ;

iOcean waves crashing on ... [

iDesert landscape with sand ... (]

| Squirrel running to the right . %

B . Bird flying overhead .. :|

D rendered orange fox ... |

| : Blue elephant walking .. ]

Figure 1: Ilustration of our method on different visual modalities. Given images, videos, and 3D assets,
ATOKEN leverages a shared 4D latent space (left) to produce high-fidelity reconstructions (middle: zoomed
regions with red boxes for images, temporal frames for videos, multiple viewpoints for 3D) while preserving
strong semantic understanding (right: showing text-aligned representations for zero-shot text retrieval).
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Figure 1. Research flowchart. Our research methodology consists of two main stages. a) Solution discovery. We start with
a candidate solution that allows us to search for self-similar spatial profiles of blow-up solutions characterized by a self-similar
scaling rate A, illustrated in (i) with Burgers’ Equation. We then refine our machine learning pipeline (ii) and solution accuracy
using an iterative approach. Empirical results from candidate solutions (iii) and their accuracy guide the mathematical
modeling and neural network architecture. Mathematical modeling in turn guides the inductive biases built into the network
architecture, such as input coordinate transforms and the shaping of the output fields. We use a Physics-informed Neural
Network (PINN) with a Gauss-Newton optimiser and a multi-stage refinement training scheme to generate a highly accurate
candidate solution while finding the right scaling rate 1. b) Solution analysis. We analyze the stability of a high-precision
candidate solution by linearising the PDE around it. We discover unstable modes, along which any slight perturbation causes
the system to deviate from the blow-up trajectory. Thus, we characterize the degree of stability and confirm the discovery of
highly accurate stable and unstable singularities.
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The bird is flying below the elephant.

B N

A hand-drawn blueprint for a time machine, with the caption 'Time Traveling Device'

7 - [ TIME TRAVELING DEVICE |
. = =

: |

¢ 0 LA Gy

Manzano Bagel Janus Pro GPT-40 Nano Banana

Figure 1 Qualitative text-to-image generation on challenging prompts. Manzano handles counterintuitive, physics-
defying prompts (e.g., ‘The bird is flying below the elephant’) comparably to GPT-40 [35] and Nano Banana [17].
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An illustration of the UDR setup. The deep research agent takes both the research strategy and
research prompt as inputs, compiles the strategy from natural language into an actionable research
orchestration code snippet, and then carries out the strategy, delivering the final report to the user.
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HizUOBARSREFERA Matryoshka =iz, AIERTHEEIHIERIRIE TERMALERE, IUKSIFEARR
RE EITROBRIERE. iZRFIEEIEE Kaggle #1 Colab _iE{it, FiBid Vertex Al #1 Hugging Face [6)
FREFN, SEENNARNAREZARAR AN AR E,

EE S

1#8%%: https://developers.googleblog.com/en/introducing-embeddinggemma/

Hugging Face: https://huggingface.co/google/embeddinggemma-300m

. uuh
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o FAITH
SKIMBKIHAREL "B 1.0" R7p

HH
2025-09-05

SpikingBrain: Spiking Brain-inspired Large Models

=

Model Architecture

Construct Training r-_}..l

J

Brain-inspired Mechanisms Development Pipeline

Multi-scale

sparsity (Hybrid) Linear

" » Models Open-source

Event-. riven Transformer models
v" Adaptive Sparsity Spike
¥" Firing Activity Control ~~~ el '

ncoding) (LA / vime Conversion-based
o Training
* CPT ~ 1508B tokens

¥" Modular Sparsification =------ > MoE / FFN * Long-context

¥ Functional Specialization

_________________

If_ Adaptive threshold
| * Simplified computation
v Compressed Memory |+ Bothinteger & spike
v" Continuously Updated e LR SR
v Markov Properties

v" Dendritic Dynamics

Hybrid Efficient
Attention

\é‘;lé{ Next-generation |
neuromorphic chip design ,

1
N

Support

Adaptation on Non-NVIDIA GPU Clusters

[ Training Framework ] [ CUDA / Triton Operators ]

[Communication Primitives] [ Parallelism strategies ]

AERE

* General data

Generality & Efficiency
Performance Comparable !

- Train from scratch

* PT >10T tokens
* Limited context
* Date quality

Spiking sparsity > 69%
< 2% data resource

>100x 4M TTFT speedup

BRERFMEAITESLIGE (BICLab) IEXUAT SpikingBrain-7B #&8Y, Z&HZ ARIHER, K5

BT

MEETEIUEHE., ERRBE (Mok) #EIRMBKMRIDRINELEY, SERBERAESEEELIERFINE

Y=y

ERHEIGAIZERRRZA, SpikingBrain-7B RELRESEZMAS SpikingBrain-76B EIN Y EIEY A0

FPhVAVAVAVFAPFAVFAFAFA

&
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REERERTT, FAIIEIFRMEIA (NVIDIA) HHEFE (REET MetaX GPU) _ESCIl 7 ARUMRIRELRY
REIGEEE. ZEBEASRETEHEIFARK PR M ISR 55REE. BEREET
SEHRAY)IIE5AAZ, SpikingBrain BEHEFIFRFFRIZEY (41 Qwen2.5-7B) YEAEMY, {REEAL 1500 {ZNF5T
T4, EaRE SERFIREEAZAMEE, BERKPIEISEI 7TEIA 69.15% RYREERE, KIEFE(T
TR, IR 400 HiEAEKFSIE, "EBFEARTE" BT ESERINEEY 100 &,
SpikingBrain-7B BY5EEESLH], i2EMNE R EMRAIIERE GitHub EFE, FHRMHE T 83EF HuggingFace hiz
AF0 VLLM H#EEMRAERNRIERBIZN, SAF AR N B T B8,

EE S

FARME: https://github.com/BICLab/SpikingBrain-7B/blob/main/SpikingBrain Report Chi.pdf

GitHub: https://github.com/BICLab/SpikingBrain-7B

WRASEEE: https://controller-fold-injuries-thick.trycloudflare.com

o BRAREIN

BXFEkf Qwen3 ASR #8L: BREESFIRBIFIRT, SIFRESERIL

HHA

2025-09-08

AEHE

B EE Y FaEAER &2 Qwen3-ASR-Flash IEEIRBIRS. ZEEET Qwen3 KiES
RE, HESBESESHIERT /NIRRT ASR HiEH TR, S 7EEE. RERMHIESRAIM
B8. Qwen3-ASR-Flash ESNPRUNSESEENNFRALE, K2 TWHRRKTFE, ZERETROR

. uuh
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ASRETHERARERMCIRBIREIMIAEIRAITIRE. AP LIRMHMERRSIIINE (MNACR. BiE. )
ERNERLETX, HEEEENAXEER, BERBFERESAEREANE, HHERIESER,
s, REERAERBSEBYE T3, TIeRFEEEFERE/RIIHHE, STUERRIYET 8%,
Qwen3-ASR-Flash EREISTIFEISEAR. &, J&. 5. B. BERR 11 MESKESHSSHIOE, Fes
HREHTEMMRBIAIHEARTIR, ESREFING MAARIFSERR,

n J7
o @

=

BB RARG, BFFbgmeIEIRIAR

o

% Qwen3'ASR—F2ash\.

XFENPER, BIFQARIBHNBR TREEBANERERETRE

EE S

B
https://qwen.ai/blog?id=41e4c0f6175f9b004a03a07e42343eaaf48329e78&from=research.latest-advancements-list

WRABEEE: https://huggingface.co/spaces/Qwen/Qwen3-ASR-Demo

I

Pg
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® RAHEE
PSRRI E AL ARESRTT Image2. 1

HHA
() f&itiE T - Image 2.1
AERE

BRIEVR A FRETEIGAERE 2.1 iRA (Hunyuan-image 2.1) ., IZ#&EFERIRASCAE BT
S TV FRSKTE, FRIRERERE. HIFEARR. AMGRINENIEHIBIRERSERIEH.
Hunyuan-Image 2.1 EEEXPIGENAREEFIISRENENTTS, EERERESPIOERMFEES
KBS Fm, S MR EERITFNEEFEIES TR, %R O BASRETERA TS Sora
0 Stable Diffusion 3 #B{\f9 Diffusion Transformer (DiT) 28439, HESTERBEHAN “T5+CLIPY A
frides, BERT T XPMIKNAMERENIEFEEN. Hh, REEII)ISRE, T T S04
MR, FSINTEFTORFM LoRA HiESHTs, iLRAFREBEREERIES SREER.
Hunyuan-Image 2.1 fEEINERE GitHub EFFR, FHRM TR, EEAFREMENEER
BRI XEETE, HEtERGUSRIAR SN BEIHT.

EESHE

GitHub: https://github.com/Tencent-Hunyuan/Hunyuanimage-2.1

Hugging Face: https://huggingface.co/tencent/Hunyuanimage-2.1

. uuh
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BZHEHE Kimi-K2 KIEERIERFFR

HEH
2025-09-05

Kimi-K2-0905

=8 L h

Coding 88HBFHE | £ FXEO 256k | &7 60-100 Token/s | #F Claude Code
REHE

BZBEME (Moonshot Al) IERFREESREHAY Kimi K2 XiEE, ZERIE—NMNEE 1 BIZRSEH 320
CHESHIIREEZR (MoE) 1&RE, TMUERNERIR, HMFMHEBEEENNFAE TWRRGKE, B2
33 "EBRefR"  (Agentic) (ESHHT VIREMK, FEAMYEE 'BE" | EgBEEERATIER 175" .
FEZ MBI, Kimi K2 RIM4EEEEFEEEE 7 3o WThIFHRR ARER, Kimi K2 AR R
ETFHAFIGITEFNEREREETE, B, BXABMA MuonClip {titss, BT gk-clip AR
FRIR T A 1P RSB MERR, SCINT4E 15.5T tokens #UE FAGEETN)I4. EDR, HSESEIT AN
BRI SRS RAIBREMSFS (General RL) &K%, I TEFMTEERBES, EBEETAMNEIEDHT.
REFRENTEINE—RIIERMES, B 7 SMAON SHITeED, WXFHREE Kimi-K2-Base Eitit&
BIFN Kimi-K2-Instruct f5<SHIEIERY, XRF 256K @B ETX, FFRETBY Kimi EM. APl &R
VLLM SEZEHITAMERE, sl SRR R ERIRA.

. uuh
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X

FARMZ: https://moonshotai.github.io/Kimi-K2/

FARI S : https://arxiv.org/abs/2507.20534

Github: https://github.com/moonshotai/kimi-K2

FfHiART Rubin-CPX, JIAMURE L FIGHEEESITIERYHTE GPU

HH

2025-09-09

AEHE

mfHIX (NVIDIA) IEx{A#T Rubin-CPX, —mEHANIEANIE E R SGEEMZITHEEH GPU, 4k
HER BTV IER AR token RIS RISFIERIUIUNESZ: Al (155, AR ETXABRME TRIFIERES
AIMEERE SR, Rubin-CPX 45 NVIDIA Vera CPU #1 Rubin GPU thET{/EFE£#HHI NVIDIA Vera Rubin

. uuh
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NVL144 CPX E&F, ZFEE—MIZRHER TEIX 8 exaflops §Y Al &1, 100TB HIEEKREM 1.7
PB/s HIARF™ s, MEREHEIRT NVIDIA GB300 NVL72 REHEFT 7.5 5. Rubin-CPX USRS SAE
FEEAKXIE LT Al €89 CUDA GPU 2244, #EisiHER—RIEAMEFIEMEE token AR,
iZ GPU R NVFP4 fBEMIIRMEIX 30 petaflops B9EH, FHEcE 128GB #9 GDDR7 W7F, EHiFE
AR EERELL GB300 NVL72 Rtk 3 5, KigeA 7 EKFFIRIBES]. oh, Rubin-CPX EEERL Y
TSRARDES, FE RIS REERZAURSRESMBRHTRORRRL R, RERNX—RBINS
& Al HEREIX XK, BB HEE (disaggregated inference) A5, B Rubin-CPX &ixF
SMETEREN FTMMNER, NBESRAMEMIRRERE. ZrRiutET 2026 Fi L, HERE
Cursor, Runway 1 Magic & Al SIFABRRIXE, BEIMNEERNBIFARHE.

HEK ik
.

https://nvidianews.nvidia.com/news/nvidia-unveils-rubin-cpx-a-new-class-of-gpu-designed-for-massive-context-infere

nce

® AT+

FIEEEEAZER MOE #iER! Qwen3-Next &5l

HH

2025-09-11

AEHE

BXYFEFAERAmFFRE Qwen3-Next RFIER, 1ZRKFIER SEMRARSEAERERK F XX R
RS ERARSE TOBEET., EF258 Qwen3-Next 2849, XA #HI Qwen3-Next-80B-A3B

. uuh
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RELRSEEIA 800 {2, (BHERERHXENE 30 128480 1ZRBLUARE] Qwen3-32B 1&E+552 —H9)IIEREA,
ST HEIAEZEEMAIMRE, A 32k ALK ETXAGHEHERIE HREA T HEUL, XEITHREEIIIZS
HEERMEANTEE, Qwen3-Next AR S RETHEEIFAMREEENS: B, BXRMAT Gated DeltaNet 5tx
HEEIRNEEERRESTENNGE, ERIEKFIEENERNER, 45 7 R ETEIgeh; BR, B8
THERMET BE 512 4, LM TEIE 3.7% BUERAINREGEER Mok 28, XIERA T RIFFIAR, It
A, HEESAS|INT 2T |G AL (40 Zero-Centered RMSNorm) FOZSREFTNNEI (Multi-Token
Prediction) , TERID)IGFSEMRIRR, BERSTHENE. WXELSHRT
Qwen3-Next-80B-A3B-Instruct 1 Qwen3-Next-80B-A3B-Thinking B/ NITFRAS, EH, Instruct &8
£ 256K K ETXESHRMHEZMNE, MaeEsiEiitRE) Qwen3-235B; Thinking HEINIES 4
BES ERINEE, B2 NMEEUHFES T EERNFREE NS REE. Bal, Qwen3-Next &5
=BEE Hugging Face 1 ModelScope FiR, FHEIEFIE=EMRK NVIDIA API Catalog LRI, AFF
RERM T 2RI,

@ Qwen

EE S

Hugging Face: https://huggingface.co/collections/Qwen/qwen3-next-68c25fd6838e585db8eeeadd

8% https://modelscope.cn/collections/Qwen3-Next-c314f23bd0264a

Kaggle: https://kaggle.com/models/gwen-Im/gwen3-next-80b

. uuh
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Meta %5 MobileLLM-R1 ey

HH

2025-09-13

MobileLLM-R1
1guage Models for On-

.fac book/MobilelLLM-R1-956M
eration :i 0.9B « Updated about 8 hours ago

@ facebook/MobilelLM-R1-366M
Text Generatior i 0.4B « Updated 3 days ag

@ facebook/MobilelLM-R1-146M

0.1B « Updated about 2 hours ago

.facnbook/ﬂoblleLLM R1-9560M-base
Text Generatior ) ed abc 8 hours ago

@ facebook/MobilelLLM-R1-360M-base

Text Generation :t 0.4B « Updated about 8 hours ago

@ facebook/MobileLLM-R1-140M-base

Text Generation i 0.1B « Updated about 8 hours ago

RSHE

Meta AFIEHIEXFFREE MobileLLM-R1 RFHEE, XR—EETAEFINERMNLE LERETMIR
YR EMIESEE, ZEHEE 14 {Z. 3.6 {ZF1 9.5 Z=MSEIENRA, SEUERITTESRE
¥, Funfll Al RFRAGEARIMIERE ), REWEESHEN/NT 10 12, BES EENNG, EMaeRN
RFEDEAHEANEE, BT SHAMESES]. MobileLLM-R1 fiZOASRETH "BE" 5 &
I RIS, 2SR IREARNIIRTISEA, MBETWETRE (SFT) AR, EETRRAEZF. RE
MRS RESENHERES. RERATHE ORI Transformer 2819, FERIFEELRIABENNER, &

. uuh
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E-MEX TIHEMNGESRK, FHEBREESNRE LBIET. W, RE)IGEES/NTF—EEMEE,
MobileLLM-R1 {&ZAIBEE 30014 RIEFISRENEIES, £ MATH, GSM8K FEZTUFNHEMS 7 M5t
FX45. Meta BEi@d Hugging Face SE4&, LI Apache 2.0 UMY/ FFIT MobileLLM-R1 ZRFIt&
B, X85 VLM SEREES |, SEFREREREMSEMK. WWTTREH SR Al EEERNRE
NG EIZRRINA, AFRESELFTRIRNEEN AR r B S,

EE S

Hugging Face: https://huggingface.co/collections/facebook/mobilellm-r1-68c4597b104fac45f28f448e

RFBERE: https://huggingface.co/spaces/akhalig/MobileLLM-R1-950M

® FRANE+=

World Labs %% 3D tHR4ERE Marble

HHA

2025-09-18

REHRE

HHEMBERAE Al JUE/CiEEF § KEXAEIZAYSAEREAE] World Labs, ItBAfS THEEMHA 3D HA
SEREUREIRIERRIDEIER Marble, ZiE8 EESSIVHRIA TEREEBRE T AT _EEGRISR, M5
RN, ERHS=4YIEHFRAER "KREHHFRER"  (Large World Models) HX#E—E, FARRFER
H—oKE R E—ER=, Marble FHBEER— M AIHAFRERETEHRSIVIRERN. FAE—HR 3D tHFE,
BigBrEREl. Marble AIZURAR AETHEBAIAERRE NN T AEEERREIRR, B AR,
FERLAERRRY 3D HERNMEE R, XUSESHE, HEREREEN/ LTSS, BN —KER "8x" HE

. uuh
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EZIMIFE, WEEEANSEEFEENTE 3D HiE. BATLUSERN 3D HRSHASENATK
(Gaussian splats) 18z, LMEERFKSIZE. VR/AR NAZFTHFMESEEA. Ak, World Labs EFIFE T
IS Spark, USEAFAZIGEBITTAEERRISZE 3D (Kigh, Bai, FBFELUEIY marble.worldlabs.ai
ERIF{AL Marble ASURAR, World Labs ROIX—#RIEESEINE. TR, REMIISEEMURRM 758 ART
BWETR, BRI EEEEIIRRERFRTNG.

Rk

B2 Hblk: https://www.worldlabs.ai/blog/bigger-better-worlds
WA HbE: https://marble.worldlabs.ai/

. uuh
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® AT =

BXFiE Qwen3-Omni FHE, SIERELIES Al F58(

o g
Could you ell me what he just said? 5

A5 Response: a

: -|||--|||-|||||||I||-|||.-|||-||||-|||||-|||---|- 0 p—

g,mmmgmmwwnam y , e, -|||--|||-||||||||||-|||--|||-||||||||||.|||..|||

- ( "Bonjour, pourriez-vous me dire comment se
rendre & la place Tian'anmen?" )
P
AEHE

fEE BB 818 M FREBAES U FFREFT—URESRS KRR Qwen3-Omni, ZIEEIEETE T4 IRFNIRAR
NA, B, SSFISISESMERRERSSERAN, £ 36 MAASERETUEES, § 32 TEUE THIR
REIPRIRAEMRE, b 22 THARTHFGIKTF (SOTA) . Qwen3-Omni AMYBEH{TERIIEIEN
EERBHIAEIIHEE, ESHFLISESIEEME, RN T BARNIS(ESLENZERES]. Qwen3-Omni
A OBASRETRRENSESSEE, B AEESHEER — RO — EZ0RrTE, BT RE
BRSHESIERE, MIFBIMESHE. ZRESTGFEIA 100 5 token AIBIK L TXALIE, FeERATIEMR
ZiX 40 sKEREL 40 RS, thHh, REEESEAE E3RIsH , HiES1RE! (ASR) e T Whisper-v3
M SeamlessMAT-v2 FMFEEEY, FIIFEIMESHISERNES SR (TTS) , AET—HSES Al B
MM R TIRARVEM. BRI, Qwen3-Omni FIREMVE. RBLARELIT Demo BT GitHub 1
Hugging Face E&fh, FRABYFRFFRENN, SEARAFMEWNRBRA T 25U, SEfie

. uuh



BE Al AR SER.

EE S

FARME: https://arxiv.org/abs/2509.17765

Github: https://github.com/QwenLM/Qwen3-Omni

Hugging Face: https://huggingface.co/spaces/Qwen/Qwen3-Omni-Demo

JEEH X : https://modelscope.cn/studios/Qwen/Qwen3-Omni-Demo

® AN+

P BRI KRB IE iR, Qwen3-Max SRfiTlFET SOTA

HHA

2025-09-24

64
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AEHE

FEBBENAN TEXAREFRERCHHMR, BEES. UK. 188, ZES. {MBFES15E,
STEME "Al B3CHT Android” . XA EHESEGEBT HZATEMEES Qwen3-Max i, 1IXREERES.
HEIE N B REAREE N EISIARISKINSKF, S MEENRPRNNE. i, SZERIT—RZIRE
Qwen3-Next tBEIEFAE, LUX 3B RUBNESECCIL YIRS 235B HEEAAIMRE, TIZREAPE(IE 90%,
KRR HEU L, IORAHIMREMGESEEE: Qwen3-V0L: WRESEE, M "“RE" HLE
HERSHT | ERRFERFNARE, EEKEEEREMNE. Qwen3-Omni: 2&ESKEE, ERAY
SR, Elfg. FUR, FE 36 MATFFENFEYS 32 TFRSE—. Qwen3-Coder: JRIEEELEETFT
R, RATRBEREESZEM. Wan2.5-preview: ERMESR, BRI 7 SEESHNBRRMSL
Bk, BIKIEFE 10 0, F>F 1080P Si5ER. BXEK Fun: 2HINESAERERK, RELEME
&, Bx=k B AEBFESMER. WEEBEEHR CEO RikigdRr, BXTRREEFFREFN, Bix
FX73 “Al BFUAY Android” |, FHTRITESRR=FRAIE 3800 {ZTAT=H Al EitiRiEEiR. Bal, BX
ARESIKTHEDE 6 10X, (TEEEE 17 51, BTENARS 2. RZEHFTREWRRIFTREE.

fESCHERE
& HbE: https://qwen.ai/research

. uuh
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RESOURCE SHARING

o RFNE—
Al Agents for Beginners - A Course

KB FIERR

AR Al ERERNT IR, RS Al RIBRERATIR, 8321 TERE, SH5EMiES. AFAE
T refEan R SFEABURIEM A, 1517, WIRAMERRES, EREfE GitHub Codespaces HEFRIENES. H

B, 1ZIER start 581 40k,

HiFnkiE

https://github.com/microsoft/ai-agents-for-beginners

B
S
)
ot



) AT EEEEIDINE [

Artificial Intelligence

Newslettler 2
2025 %5 09 3 FHRAERER TS
£33 I 5EERERES
FHIRE
EIEX BT XS
1=iREE BT E
I EEPNKF
7 =5 gl A
25V, ]|yl
i Ll IKE
FFEF BEBRERE (TM)
e Fl 1K
RE K A
ER22(E A lIVBYN
BHIRoR A1 178YN
T | el
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[k | sl
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=L E
(1) ARRIBANARE XEFERFAPSNAH AL LR, A—@Bmken, X
564 A A B S8 A8 B DR SO -
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