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AI Must Embrace Specialization via Superhuman Adaptable Intelligence
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Figure 1. A two-dimensional semantic map organizing prominent definitions for AGI and other North Star measures of artificial
intelligence, along two axes. The vertical axis represents the source of intelligence, ranging from performance-based capabilities (DO,
bottom) to learning and adaptability (LEARN, top). The horizontal axis represents the scope of tasks, from universal/open-ended domains
(left) to human-centric and economically-focused domains (right). Definitions cluster into three categories: Adaptive Generalists (teal)
emphasize learning efficiency and generalization in open environments; Cognitive Mirrors (violet) focus on replicating human-level
cognitive capabilities across broad task domains; Economic Engines (orange) prioritize practical utility and economic value in human-
relevant tasks. Superhuman Adaptable Intelligence (SAI) falls into the realm of adaptable Al that can do anything that is important both
inside and outside the human realm.
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Paper: https://arxiv.org/abs/2602.23643
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Xia', Zihan Dong® Meng Chen', Congyu Zhang!, Letian Zhang?, Guiming Chen?, Haoqin Tu?,
Xinyu Yang3,Lu Fengl,Xujiang Zhao7,Haifeng Chen’, Jiawei Zhou!, Xiao WangS,Weitong
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Linjun Zhang6,Yuyin Zhou2,Sheng Wangll,Caiming Xionglz,James Zoug,Zeyu Zheng5,Cihang
Xiez,Mingyu Dingl,Huaxiu Yao!
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Figure 1 Overview of the AUTORESEARCHCLAW pipeline. Given a research idea, the system progresses through
three stages: Discovery (scoping, literature search, multi-agent debate for hypothesis generation), Experimentation
(self-healing code execution, result analysis with a second debate panel, and PIvOT/REFINE decisions), and Writing
(drafting, review, revision, four-layer citation verification). Optional human-in-the-loop gates (orange) allow oversight at
key checkpoints. The cross-run evolution system (bottom) injects time-decayed lessons from prior runs into all phases.
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The Last Human-Written Paper:
Agent-Native Research Artifacts

Jiachen Liu'"’, Jiaxin Pei?, Jintao Huang®, Chenglei Si?, Ao Qu*, Xiangru Tang®, Runyu Lu’,
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Figure 1. Publishing compiles a rich research object into a lossy

narrative (left); ARA preserves the original as a high-fidelity, agent-

executable knowledge package (right).
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Figure 2. The Storytelling Tax: research proceeds as a branching
tree with dead ends (left), but publication compiles it into a linear
narrative (right), discarding all failure knowledge.
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Paper: https://arxiv.org/abs/2604.24658

Code: https://github.com/ARA-Labs/Agent-Native-Research-Artifact
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ScientistOne: Towards Human-Level
Autonomous Research via Chain-of-Evidence
Rui Meng, Bhavana Dalvi Mishra*, Jiefeng Chen*, Chun-Liang Li, Palash Goyal, Mihir Parmar, Yiwen Song,
Yale Song, Rajarishi Sinha, Parthasarathy Ranganathan, Burak Gokturk, Jinsung Yoon and Tomas Pfister
Google Cloud Al Research
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Figure 1 | ScientistOne pipeline. Stage 1 grounds the literature via retrieved PDFs; Stage 2
explores and evaluates solutions across parallel branches; Stage 3 writes and verifies the paper, with a
Claim Verifier that checks every claim against its evidence source before the final output is produced.
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Paper: https://arxiv.org/abs/2605.26340
Code/Artifacts: https://github.com/scientist-one/generated-artifacts
Project: https://scientist-one.github.io/
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When Does LeJEPA Learn a World Model?
David Klindt Yann LeCun
Cold Spring Harbor Laboratory New York University
klindt@cshl.edu yann.lecun@nyu.edu
Randall Balestriero
Brown University
randall balestriero@brown.edu
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World z Data x =g(2) LeJEPA f(x)

Figure 1: LeJEPA learns the World Model. (left) The world has independent Gaussian latent
variables. (center) An unknown nonlinear process scrambles them into the data we observe. (right)
LeJEPA [2] recovers the latent variables up to rotation. We prove this is the unigue optimum.
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Paper: https://arxiv.org/abs/2605.26379
Code/Proofs/Demo: https://github.com/klindtlab/lejepa-identifiability
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AutoScientists: Self-Organizing Agent Teams for Long-Running Scientific Experimentatio
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AUTOSCIENTISTS: Self-Organizing Agent Teams
for Long-Running Scientific Experimentation

Shanghua Gao* Ada Fang*
Harvard University Harvard University
shanghua_gao@hms .harvard.edu ada_fang@g.harvard.edu
Marinka Zitnik

Harvard University
marinka@hms.harvard.edu

AUTOSCIENTISTS website: https://autoscientists.openscientist.ai
AUTOSCIENTISTS code: https://github.com/mims-harvard/AutoScientists
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Figure 1: Self-organizing agent teams for long-running experimentation. Overview of AUTOSCIENTISTS.
Acgents identify promising research directions, organize into teams, and execute experiments in parallel.
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Reasoning emerges from constrained inference manifolds in large language models
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Reasoning emerges from constrained inference
manifolds in large language models
Yanbiao Ma! Fei Luo! Linfeng Zhang?>® Chuangxin Zhao> Mingxuan Wang! Yinan Wu? Zhe
Qian! YangLu®* Long Chen® Zhao Cao! Xiaoshuai Hao'*® Ji-Rong Wen'! Jungong Han'2
! Renmin University of China 2 Tsinghua University 3 Xiaomi EV 4 Xiamen University
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Figure 1: Inference-time reasoning dynamics self-organize into low-dimensional manifolds. Layer-wise evolution
of intrinsic dimensionality (ID) for inference-time representation trajectories across representative large language
models under generic cognitive stimulation. Despite the high ambient dimensionality of the embedding space, ID
rapidly decreases with network depth and stabilizes at values orders of magnitude smaller than the embedding

dimension, indicating that inference dynamics become confined to a compact manifold.
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Mechanisms Amplify Each Other

Feedback Loops
& Lock-in

-----------------------------

self-
reinforcing :

meta-risk: reduced epistemic
capacities reduce ability to
respond well to these risks
gessssssssssssamsnsmn -

Other Al risks

: & non-Alrisks
e.g. biosecurity

Epistemic capacities

........

Ability to reason, judge, know, act well

Shared Drivers

Incentives Capabilities
Engagement-driven training Language & influence
Sycophancy rewarded -» all three mechanisms Persuasive fluency, relationship-seeking tendencies
Efficiency pressures Memory & personalisation
Automation incentives drive offloading Longer rapport, greater offloading, targeted influence
Competitive deployment Broad task automation
Race dynamics suppress safety-preserving friction Intervenes at deeper levels of cognition, not just recall

Figure 1: An overview of the mechanisms discussed in our paper. They amplify each other and the
overall detrimental effect on epistemic capacities—assuming current trends continue without
radical reforms—which recursively undermines our ability to effectively solve other Al and
non-Al challenges society faces.
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Psychology

m Al Evaluation

@ Theory & Experiment Multi-modal Model Memory

£33 Video Construction

< Psychology Memory Aspect O Video Construction o], atic Al Evaluation
% Well-established A Cognitive mechanisms @ Stimulus design for Designed questions m Evaluate model
memory paradigms * to be tested the controlled experiment to probe failure modes memory

—————————————————————— Example: Divided Attention ---------------—---~—-—~—-—-

“ hol h % Video Construction
U ksychology:Theory Split-screen with/without swap m Al Evaluation
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*  Dual-task Paradigm i # Gemini-3.1-Pro-Preview
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\Q:3 brown?| Q:3T? ) concurrent load) C. Stir-fry meat D. Chop egg + Content Retention

Figure 1: M? Ewval, our principled framework and benchmark for evaluating memory capabilities of
multi-modal models. We present an example task of divided attention. Grounded in psychological
theory, we construct split-screen video scenarios, design memory questions, and analyze multiple
models in terms of source identification, order understanding, and content retention.
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Figure 1: Overview of the AARRI-Bench Pipeline. The benchmark is constructed through a three-stage human-in-
the-loop workflow with two-dimensional task categorization across task scenarios and agent scope levels. Tasks are
evaluated under the Harbor framework with standardized environments, multiple agent harnesses and models, and

both coarse-grained and fine-grained metrics.
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Figure 1: Chronological development of text world models for LLM-based agents. Each cluster groups
representative works by release date; the field has expanded rapidly from 2025 onward.
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Pathway Main uncertainty

Unclear how increases in scale translate into increases in performance

SEAlingEOMmPMIS, IOdESs and capabilities (Spiky vs. smooth progress? Emergent “new capa-

& data bilities” and broad generalization? Diminishing returns at scale?).
Algorithmic paradigm  High unpredictability of technological progress and frictions & bot-
shift tlenecks resulting from novel paradigms.
Dynamics of Al progress under recursive (self-) improvement un-
Recursive (self-) clear and no historic precedent to fit forecast-models. Al capabilities
improvement could explode (hyperbolic growth), or they could taper out relatively

quickly, or anything in-between.

ASI could emerge from multi-agent orchestration or in a self-

ASI via group agent organizing, decentralized fashion governed by evolutionary pressures

formation and market dynamics. Emergence in complex dynamical systems,
such as multi-agent dynamics, is poorly understood.

Table 3 | Major technological pathways from AGI to ASI and their main uncertainties. Pathways are
largely independent of each other, and are likely to occur in parallel (though at different pace, e.g.,
algorithmic paradigm shifts may be pursued more intensely if scaling hits a ceiling).
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Figure 1 | Performance comparison between PP-OCRv6, PP-OCRv5, and Vision-Language
Models. Left: text detection average Hmean (%) on our in-house benchmark. Right: text
recognition weighted average accuracy (%) on the recognition benchmark.

EFERS
o FAEAKEITFHHKER OCR HEEMkKHZHK VLM, @AE MU/IMERIBEFNE.
o 1 MISiRGIE= LCNetV4/MetaFormer-style ZEHELTT, FHMESHIE OCR RAUEHPA.

o FERMLIISEFIEEEMER, 12t medium/small/tiny =#45#&8. B/, {XFF1 HuggingFace #&8Y,

EE S

Paper: https://arxiv.org/abs/2606.13108

Project Website: https://www.paddleocr.com
Code: https://github.com/PaddlePaddle/PaddleOCR
Models:https://huggingface.co/PaddlePaddle




®iE3 1M

HarnessX: A Composable, Adaptive, and Evolvable Agent Harness Foundry

EIHA
2026-06-12
HarnessX: A Composable, Adaptive, and Evolvable
Agent Harness Foundry
Darwin Agent Team
See Contributions and Acknowledgments section for a full author list.
AEHRE

HarnessX ¥ Agent harness—BlE7x. THB. 1212, 1=FR. RIS IR TRIBINES—I=H AT
PAMRE. BBl —EXsR. 1830AA, RS Agent MEEERHATEREREMEE, MREIINEHET
AHEMIAIERLUREL SIMEAZE., Altk, HarnessX 2 typed primitives SERECRIEA harness B,
FHEID AEGIS HEZEMNHUTHIEHBEMRIAMIEL., f2H harness X, WIHEXIRHIEEN. LB
2= ALFWorld, GAIA, WebShop. tau3-Bench #1 SWE-bench Verified {15, BREANTEEET
SHHBER T, BFEMUMKE harness L] LABERTT Agent T, 1ZTERBE, KK Agent BEJIRFAIR

THREYTR, ARk BEITIEN. TRRAAEHISHRIE .



Compose

Swap any behavior

like building blocks
Nine orthogonal
dimensions, each a
pluggable processor bundle.

Better model — Agent runs —
Harness recomposition a Config optimization

HarnessX

Agent experience
becomes model capability

Each run yields reward- g
annotated trajectories
2V

for model finetuning.

Self-adapt to find
the optimal harness

Harness self-monitors
and auto-searches @

better configurations.

Better model < Better harness

Figure1 HarnessX overview.

FE==
e iR, TH. iclZ. EHiRfIRENGE s ATAS. TJ&#AY harness primitives,
® 1Ed AEGIS MEKMENTFBERNERMFFIGIE harness (82X, SCHLGITHIEEMIHAL,

® FTAMIREISEBEERTT Agent tRE, *NFETRAHRE! scaling RIBUHEREL.

EESHES

Paper: https://arxiv.org/abs/2606.14249




°itX1+h

ViT-Up: Faithful Feature Upsampling for Vision Transformers

HEHj
2026-06-12
ViT-Up: Faithful Feature Upsampling
for Vision Transformers
Krispin Wandel, Jingchuan Wang, and Hesheng Wang
REHEE

ViT-Up FAFRAMEAS Vision Transformer SERESEREDHFRIE, LURSIENHE]. 1EXINAEESE
MR(ESS. FRLZEHBIREE patch token, BEEENLXEEGRIDSIATREMSER, ERIEETZEFRL
REMD, FENERES INSEFFIEZEA—ERISAR MR, ViT-Up I VIT FEERESHIE layer-wise
query, FEELEEWGMIR EFRNRIAAHE, (£ ERFERRERFERIE backbone RIRIEZEZA, LI
B7R, Z73EA#RF DINO K5I VIT backbone FEZEFUNES LRIFRIN, FHEMEE backbone 88111
SSRGS IR, AR ORBIET R "Bt | EREANAR R EEFE, MARE VIT FE

RERNE NG,



33

A Training Strategy B Query Embedding
Image Container i High-Resolution Patch Tokens (224x224)
- g Resized 110 R e80 O ava orvliaton
ViT Backbone (LORA) oirovs-s+ used i s visualzaton Image ¢ !
ViT Backbone Bilinear Grid- m
Patch l‘ Transformer Transformer Transformer Patch Embedding Interpolation -
Embedding LO1-04 L05-08 L09-12 1
Query C i Xq
— H, He Hiz
ViT-Up C ViT-Up Block Uy
Coords. x, ~T M 1 Spatial Tokens (28x28) "
= Query/Coolde i l l b s < Query Coordinates
c
§ ! sms =
q
2 Query ViT-Up ViT-Up ViT-Up [ 1]
&2 Embedding Block U, Block U, Block Us ooo
MLP D, MLP D: MLP D MLP D. i
Query Points 0: l°‘| o: lo: alltokens lealurrl::::s: 351?3:5.’;;’“5"
Mu“l-scal, Mulll-scllav Muk(-sclla Muhl-sulg
Query cross-Anentlon -+ m
A i Feature
from previous |
Pee block
L i MLP = + +J:MLP-.+—.-
] i i + i -
- . Loss: L2 & Cosine distance + KL divergence between GT & predicted multi-scale features Transtion MLP Fusion MLP
Full Multi-Scale Images
H3®
r
% i H; D Feature Extractor (FeatX) Block
Patch Transformer Transformer Transformer Coordinates ‘q _1@ . sinusoiaalzo |,  , 3
Embedding L01-04 L05-08 L09-12 Noarast @_‘ Goord.Encoaing > MLP =7, |
Neighb
Patch-Token ==
VIT Backbone (Frozen) oiovs-s. used n s vsuaizston g orde. (s FiLM — MLP

Fig. 2. Overview of ViT-Up. (A) Training strategy. A frozen teacher ViT is evaluated on the same image at resolutions 224 X224, 448x448, and 896 x 896,
providing feature targets at token-grid resolutions 14x 14, 2828, and 56 X 56. The student receives a downscaled version of the image pasted into a fixed-size
image container, together with query coordinates sampled over the visible image region. A LoRA-adapted ViT backbone provides low-resolution intermediate
hidden states to ViT-Up. For each sampled continuous coordinate, ViT-Up first constructs an initial query embedding and then refines it through 7" ViT-Up
blocks that consume the corresponding backbone hidden states. For visualization, the figure shows three ViT-Up blocks consuming hidden states from layers
4, 8, and 12. In our DINOv3-S+/B main configurations, we use six ViT-Up blocks consuming hidden states from layers {2, 4, 6, 8,10, 12}. The decoded
query features are supervised at the finest teacher resolution and, after average pooling, at the corresponding coarser teacher token-grid resolutions using
feature reconstruction losses and relational KL regularization. (B) Query embedding. The input image is processed with the ViT patch-embedding layer to
obtain a 224 x224 patch-token grid, which is bilinearly interpolated at the query coordinate z, to initialize the query representation go. (C) ViT-Up block.
Each block refines the previous query representation g:—1 by fusing token-level context from cross-attention with sub-token detail extracted from the nearest
patch token using FeatX. (D) FeatX block. FeatX encodes the relative offset between the query coordinate and its nearest patch-token center, predicts FILM
parameters, and modulates the nearest-token feature to extract query-specific sub-token information.
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Figure 3: Overall training pipeline of VibeThinker-3B.
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Framework with 10B-Level Performance

1,%,F 2

Kangsheng Duan’*  Ziyang Xu Wenyu Liu' Xiaohu Ruan
Xiaoxin Chen? Xinggang Wang! =

! Huazhong University of Science and Technology
2 VIVO AI Lab

ABE

Moebius 2—14 0.22B SRR ERERIESER, BIREE inpainting {E55 ELUT/NF 10B £
T EEB REA SRS R E EEA0REER., i3RH Local-A Mix Interaction (LAMI) #5itk, @i Local-A #0
Interactive-A FEEREA/NGMEEHICRBERS 2B £, LSS/ REING RS RKIgF1E ELE X K R AR
867, RRITEENSRIEETERE, BAREAESRENTREREREY, BRERTGERTAZE
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PixelHacker (teacher, s62m)

N e S e S

i
i ['totalz LC_KD + wcitask . [WF,KD z LF,KD +wperceptual 2 Lperceptual"‘l:taskj
Encoded | ‘
Tensor | r
0 —4 |~ 3| =
q = o
H xW'|[~*] 3 - oo H' x W' |[--|%--+ = = Fine Granularity (64x64)
a = =
. E 4, Trainable %‘é Freeze
o >
= i .
5 E @ Latent Noise Sample (GT)
: = © .
U w
= f i © 2l ‘ GLA Interaction Block
+ Q
== E = @ VAE Encoder
3]
@ = : @ Downsample ® Upsample
3 - - 5 —
% %“r %x% & >||| E' é DW.Res| Depthwise Residual Block
Input (H x W) Moebius (student, 226Mm) Local A Mix Interaction Block

Fig. 1: Overall pipeline of Moebius. We adopt the Latent Diffusion Model (LDM)
[32] framework equipped with Latent Categories Guidance (LCG) [54]. To achieve
extreme architectural efficiency, the denoising U-Net is systematically restructured
using our proposed LAMI blocks (detailed in Sec. ﬂb Furthermore, an adaptive
multi-granularity distillation strategy (Sec. @D is applied during training to align our
lightweight specialist with the high-capacity teacher, successfully mitigating the capac-
ity drop caused by extreme structural compression.
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® %] 0.2B SEliENkEL 10B REGIESHEENR, REBRENTRAEMEERMNE.
o R LAMI S EER, BEEA/NMEMSEERRSER LT,

o XABENSRIEETERIE, D)4/ HEENARRERREREYEE/ES.
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Paper: https://arxiv.org/abs/2606.19195
Project: https://hustvl.github.io/Moebius
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You are simulating a patient in the emergency department
... (omitted for bravity)

T— e You are a medical superintelligence ... Engage in a conversational Execute
- Behave and speak as a real patient would. o R
- Respond en|;mmn i Far e siNe history L s e i e -—
‘summary. Do not add any new information, symptoms, fram clinical history, through diagnostics, to treatment within an Intrapret
& % emergency department seting. You will have access to toals LLM Executable
e equivalent to a medical doctor to gather information and make: i it
e 5 software
they are absent. ...Your ‘Clinical History Summary’: ... Wiaipay
Patient dialogue Plan and reason Ve =Y
- W2 - @) H PR
148 T v ) eert Nstory sEstth 1cD 9710
. ] T Physical sxamination 7 Request any medication LOINC
" y . ATC
endicitis  Diverticulitis  Pancreatic cancer ! you'ra a Search rocedure
Ao cough. Could you please describa how long ‘ Feuas s ins O\ S NDG
' 129 sz B o ‘you've had this cough and If there are any other Requesturinevalues - Request any procedure Mﬁng
Cholmrii L e vl i il " Request microbiology %! Diagnosis and admission 4
F F i
#4 .20 ” S I've had this productive cough for about 8 weeks. Just
recently, in the past day, it's gotten worse, and I've been
- feeling really tired and unwell. I've also had a bit of a fever,
Pulmaonary embolism  Urinary tract infection with the highest being 99.8, and some shortness of breath. Generates * Request sent to
My chest feals congested, but | haven't been able to bring i«
VR Ay spnim, FHIR request Sandbexed
EHR system
g <« ... OMitted for bravity
Thank you for providing your medical histery ... Lat's Inform “
continue with a few more questions: Are you currently taking
any medications for your existing conditions? If s, could you Beecyaiic
pleasa list them along with their dosages? Do you have any B e
known allergies, particularly to medications?
Yes, I'm currently taking several medications: Amlodipine 10 mg daily,
Hydroxyzine 25 mg three times a day, Ibuprafen 400 mg every 6 hours Modality: 'CT Agent generates
as needed for pain, Sertraline 50 mg daily. Hydralazine 50 mg every 8 Region: '.Cnt-:s'
hours. Levothyroxine Sodium 175 meg daily, Olmesartan 20 mg daily, + i

Esomeprazole 40 mg every 24 hours ...

——/’

6 B
' \_

Based on the information gathered from your history and
physical examination, the following next steps are
recommended:

fedication Management: ...
New Medications: ... Ceftriaxone, Azithromycin

PPatient communication: ..

Here's what we've done so far and what we plan to do next:
Physlcal Examination:...

Laboratory Tests: We erdered several lab tests. The results
showed elevated white blood cells and platelets, which could
indicate inflammation or infection. Your kidney function is slightly
impaired, which we will consider when managing your treatment.
Imaging: A CT scan of the chest showed signs of infection In the
left upper lobe.

MNext Steps: We will continue to monitor your vital signs and
provide oxygen If needed and we have started an antiblotic
therapy. Please lat me know If you have any questions or
concerns about the plan. We're here to ensure you're comfortable
and to find the cause of your symptoms.

Thank you for explaining the situation. | approciate the care
you're providing. | den't have any questions right now, but I'll lat
you know if anything comes up. | just hope | will feel better soon.

—

Diagnosis: "Laft upper Lobs Pneumonia’

Fig.1|MIRA workflow. MIRAis an autonomous medical Alagent that operates

withinan EHR sandbox, using a suite of tools to simulate clinical workflows:
itcanorder tests, synthesize results and produce diagnoses and treatment

plans while interacting through chatwith a patient Alagent thatis grounded

inthe documented HPl extracted from retrospective notes fromreal case

108.0), C-Reactive Protein: !

Info: "Pt with cough,
dyspnea, fever, and
bilat J. breath sounds;
t/o pnaumonia or
other infiltrates.”

["Hematocrit”, “Hamoglobin”, “White Blood
Celis", “Red Blood Cells", “Platelst

Count", "MCV", “MCH", "MCHC", “RDW", ...,
"Alkaline Phosphatase”, “Bilirubin,

Total”, “Al C-Reactive Protein”,
“D-Dimer"]

HEART AND VASCULATURE: The thoracic aora has normal caliber
with ne signe of acute pathology. The heart, pericardium, and ...
AXILLA, HILA, AND MEDIASTINUM: Calcified lymph nodes are seen
in the right hilum and mediastinum, with mild right hilar prominence ..
PLEURAL SPACES: No pleural effusion or pneumothorax.
LUNGS/AIRWAYS: Dense consolidation |s noted in the left upper lobe
without cavitation or abscess. A calcified granuloma is present,

Bibasilar atelectasis is observed ...

Hematocrit: 38.7 % (40.0-51.0), Hamoglobin: 13.1 g/dL (13.7
White Blood Cells: 13.6 K/uL {4.0-10.0), Red Blocd Cells: 4.
(4.6 -6.1), Platelet Count: 306.0 K/uL (150.0 - 400.0), MCV: 78.0 fL
(82.0 - 98.0), MCH: 25.9 pg (26.0 - 32.0), MCHC: 34.0 g/dL (32.0
37.0), RDW: 18.4 % (10.5 -15.5), Neutrophils: 77.9 % (34.0- 71.0)
Lymphocytes: 10.7 % (19.0-53.0), Monocytes: 10.1 % (5.0~ 13.0).
Eosinophils: 0.3 % (1.0-7.0), Basophils: 0.5 % (0.0-1.0)

. Potassium: 4.2 mEq/L (3.5 -5.4), Chloride: 101.0 mEg/L (96.0
A, D-Dimer: N/A,

{ Drug Name:Amlodipine Dosage Text: 10 mg orally once

dally Dosage Value:10 Dosage Unit: mg Period: 24 Period

Unit: h Frequency: 1 Route: Oral }, { Drug Name: Hydroxyzine Dosage
Text: 25 mg orally every 8 hours Dosage Value: 25 Dosage

Unit: mg Period: 8 Period Unit: h Frequency: 1 Route: Orall, { ... }
omitted for brevity ...

Prescribed the following drugs:

Arnledipine 10 mg erally ence daily, Hydroxyzine 25 mg orally every 8
hours, { ... } omitted for brevity, Sertraline 50 mg orally once daily,

Hydralazine 50 mg crally every 8 hours, Levothyroxine 175 mcg once
daily, Olmesartan 20 mg orally once dally, Esomeprazole 40 mg orally
once daily, Ceftriaxone 1 g IV avery 24 hours, Azithromyein 500 mg IV

| every 24 hours, omitted for brevity ...

FHIR
Regquest

|
¢

t I
Agent recelves FHIR
obsarvation
Agent generates
Agent receives

Left, exemplary conversation between patient and MIRA withinterleaved tool

calls. Right, the FHIR-based architecture that executes tool calls and records
medical outputs. Note: datashown here are shortened and slightly modified to

S.

adhereto privacy restrictions of the dataset.
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o NEZFEEY REWTHE Agent, BESSE EHR IMZHHUTIEE. SHATIGTrBXNE.
o HMERMLAIRARTIE, FREREER, TEENTEE. BATEMARRR.

o ERTEEET Agent BNRIERT, EFERIIEMIGE. KEMSBOFERM.
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Paper: https://doi.org/10.1038/s41586-026-10675-5
Code: https://github.com/Dyke-F/MIRA
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DSpark: Confidence-Scheduled Speculative Decoding with
Semi-Autoregressive Generation

Xin Chengl'z'*, Xingkai Yu?*, Chenze Shao?*, Jiashi Li%>*, Yunfan Xiongz'*

Yi Qian?, Jiagi Zhu?, Shirong Ma?, Xiaokang Zhang?, Jiasheng Ye?, Qinyu Chen?,
Chengqi Dengz, Jiping Yu?, Damai Dai?, Zhengyan Zhangz, Yixuan Wei?, Yixuan Tan?,
Wenkai Yang?, Runxin Xu?, Yu Wu?, Zhean Xu?, Xuanyu Wang?, Muyang Chen?,
Rui Tian?, Xiao Bi?, Zhewen Hao?, Shaoyuan Chen?, Huangi Cao?, Wentao Zhang?,
Anyi Xu?, Huishuai Zhang!, Dongyan Zhao!, Wenfeng Liang?

IPeking University 2DeepSeek-Al
{chengxin, xingkai, shaochenze, js.li, yunfanxiong}@deepseek.com

SESTE

DSpark 2 DeepSeek SItERAZFERRNMRHAVERIAEELERINERY speculative decoding &2, &0
BN B RS H SRR MEFSHARS TRENEE. 18308, WEFHIT drafter g8—
IXIRHIK token 1R, (BERTIRA token TRZ(KH, FEBEZRIRERR, R, EERBARFTITERWIE
KERSIREHIESE, DSpark F¥BEIFZEIBAERREM: (REBF1T backbone LIRIFEEL,
BINNZEINFFEREER A B S INEEERERIGIE, RIEEMEKAY prefix survival probability #1
5 |ZEMHZEMSIRERIHKE, B&LH, DSpark ESFEMEEIAIES LIRA TSRS KE, T4
Z%| DeepSeek-V4 Flash/Pro j5, 18t MTP-1 A£F-E&AENEREL TRZRABFPNERER, HT BT

=2 H SLA THIARE Pareto frontier,
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Hardware-Aware

i | Prefix Scheduler

! Vi iy it o Gl ol (it s o] o

I
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I . T ! L 1
:9 [ Sequential Block ! ' ]
I

I

I

I

| A A v A
- m ch D En BD
—x A A A A
| ' | ' . i
: 0 Target Model ’::>| [ Parallel Block }
' ; : : : | : : :
v ) (B) (¢) ! D) [(Mesk) (Mesk] [Mask)

G AT N il R o N S Bl e Geme e e fon e e e it e e e e e e e

Figure 1 | The DSpark architecture and decoding cycle. Given prompt tokens the
target model executes one step to generate the next token @ which serves as the anchor for
the drafting phase. Using @ as the input, DSpark employs a heavy parallel backbone and a
lightweight sequential head to generate draft tokens along with their corresponding
confidence scores [c1—c4 | The Hardware-Aware Prefix Scheduler then evaluates these scores to
retain the prefix and drop the low-confidence token . Finally, the target model verifies
the scheduled prefix in parallel. As illustrated, IE and | F | are accepted while is rejected,
prompting the model to generate a corrected token E to complete the current round.

FERR
o IRH¥HREIT drafter, FEFHITEMEER token EUKEIEEIEZ BEETH, EREEIEZERM.
o SINEEERAERIE, RIEFERFFEHRRMAREIDINSHSHEEMEIE token,

® 7t DeepSeek-V4 AF=iRSSHIGIEYES, FFHR DSpark checkpoints 5 DeepSpec Il TE%E.

EE S

Paper: https://github.com/deepseek-ai/DeepSpec/blob/main/DSpark paper.pdf
Code: https://github.com/deepseek-ai/DeepSpec
Models: https://huggingface.co/deepseek-ai/DeepSeek-V4-Pro-DSpark
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OpenAl BIf§XS ChatGPT #4178 2022 F LE&LIKAUESRARI—XFAR, HNENE—RIEHIXI=S
NEBUASERRET R, ATERAIESHITRNN "BRNA" . WRBIRISERINS Codex JRiE
sk, wRIEER. ElinE. SDK ERMEETASEN, £ ChatGPT AMYBERIERIER, e

FFMESRINFR. DRMWSESTEES. £ Al 2585 HERRAFESE. BRIBREMENS
=T, OpenAl IE@T Codex, RIEFHEN SMHSHTARELERE, AR EHMBRERET
Ht. BUSRE, WWRBURINEE OpenAl HF-REBEOEEN "SBIBIREY fH "BEilfEm. BEEIs

FERFIE SRR |, R Al (T RS IEHNE AN A SRR ER.
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https://finance.sina.com.cn/jjxw/2026-06-07/doc-iniagpen9606317.shtml
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Claude Fable 5 and Claude Mythos 5

2026%6H9H

REHHE
Anthropic IEX%% Claude Fable 5 5 Claude Mythos 5, #H#—#12F Claude RFNEEIEKTE(T
ST, TETRE. MMRTIE. MR, RHEEMEGRSFHRSHETAIEE]. Hd, Fable5 H
EBARFF, BESFUESHL. =R, K E T SRFIFANICIZEE]; Mythos 5 U
HREMERZEMEHE, XEEMRIERHTT KA A ERFITEOZIRAN, AT 0FNE8%e. YR
it. BRI D FENFRERSSNEDR. WARGHNERTRZEERENE, ET
Anthropic MEXBEEENRNDRFEREZE S ENE, AIMERTE Al REIFAENRAMEEE SRR

"BEREN. RERESTWIFREMIE" KM,
XS

https://www.anthropic.com/news/claude-fable-5-mythos-5
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Anthropic disables top-tier Al models
after US order limiting foreign access

By Mrinmay Dey, Jeffrey Dastin and Chris Thomas
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June 13, 2026 8:01 AM GMT+8 - Updated June 15, 2026 D <
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Anthropic &#1&8 Claude Fable 5 5 Claude Mythos 5 &7%/ETUES | RISENXE, EEBRFLE
KLLNH, WA Al BEESCEHOES], ZERk Anthropic EEINEEAT. Bl MALIKSE
ERAINEAGSHEER, FEERANRUSHCH SRR INETIESR. WREHNEEESR, &
ESEERIIXS Mythos 5 EEMIAKILAISEEIERELINGEKBCATEN, B RIHEEEEERTH Al R
FMNEBEIREHTEE, X Anthropic TS, E—HHEERERENTEZIBEE, 3—7
EXFEAEEW. BFRpEfaMERZESHTFE. BkE, Fable5 5 Mythos 5 KiKizEE

AiE Al RFIEEMNEREENRSE, H— S iEHEExRTe. HOEHMNEERAGIEEH.
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https://www.reuters.com/technology/us-blocks-foreign-access-anthropics-most-advanced-ai-models-axios-
reports-2026-06-13/

I, ;20175



48

o AN

Qwen-Robot &% FTEAIREIERYIEHE FRTENAR

HHA

2026-06-15

Qwen-RobotNav Qwen-RobotManip Qwen-RobotWorld

BEXFREPAERAT Qwen-Robot BSEFEEMIEEIRS, ERINIBAM "HiEHR" B "HET
" B0SE, ETESSM. FEMERERIH=XEIIEE: Qwen-RobotNav GASIESLIR
fE. BfrE. BiRERBERHESHIES, Qwen-RobotManip BER—IKS—aMERTHIE
FEFIFNFSZIFNME,. WE. RISFFSXNZ]BARE, Qwen-RobotWorld MEABAESIEA
F—hEiEO, MUGSYIERENRRER. ZRINRRBIRRUNE, BSIESER. BT
RN HFRNEERER, AUH—SEASRFRATNIEHRTRFAR. BRE,
Qwen-Robot MIEHITEEXIRRENIETNES. MENABESE—SEGIIETYIEHSR,
AESEHES. M. FRREMANRIES TR RIS T AR AREE.
P St

https://qwen.ai/blog?id=qwen-robotsuite
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AIME'25 AIME'26 LiveCodeBench v6
96.7 960 967 961 97.1 953 95.8 95.1
933 >} i : 93.3
[ = ; L7 502 871 874 g§55 g5 848
& |+ 7 K % B s L Kk ¥ .

D4 Z] k| [*

IMO-AnswerBench HMMT'25 IFBench
954 967 973 979 954 959

806 838 831 825 81§ ..

S| |+ |Z K| % 745 742 765

== : 704 70.0
s Z K % > V4 58.0
LIRS K
|
[0 vibeThinker 38 | | +CLRboost s3] Qwend6Plus (4] Gemini3Pro  [Z] GLM-S K| KimiK25 |3/ Claude Opus 45

Figure 1: VibeThinker-3B reaches frontier reasoning performance at 3B scale. CLR denotes Claim-Level Reliability
Assessment, a claim-level test-time scaling strategy.
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#iE Al %5 VibeThinker-3B ARESTHRIER, Bid7EX 3B SHHUE MELAHEHEEREEEE
JH5R, ZEEET Qwen2.5-Coder-3B, BEITIFERNNE A, SWERNES. BABRIBIIE
SIFFES GRS, Eraiiss. B STEM SaisiHIShNESHEE-Ln, REET,

VibeThinker-3B 7£ AIME26. LiveCodeBench v6, HMMT25 #1 LeetCode iFHATSZRE(T55 LEE
OERRM, FENUARAIZIN Claim-Level Reliability Assessment #H—HEFHE I EM, HZOENX
AMEFIERRMER T LIS EENAEE, METRY "rIiBEEse D LA EEi REEE 0" /Y
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https://arxiv.org/pdf/2606.16140
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June 22,2026 Security Company

Daybreak: Tools for securing

every organization in the world

New tools, partnerships, and the full version of

GPT-5.5-Cyber to move past vulnerability discovery and

onto the acceleration of end-to-end patch automation.

AEHHE

OpenAl IFRRMEHNELZEEMAEE GPT-5.5-Cyber, EEIFRAN. BEIGE. N T4EM. K
TR EOFRIEEES N EN SR ERNE It L2, E/9 Daybreak MEZ LItk
BIROMERY, GPT-5.5-Cyber EZIMMEZ2IFNHEYSMITRIL, F# OpenAl FRAEXHEREI L
#ai#k Anthropic Mythos, B7rHENA Al BEIEEIEEANE L2 EhtigiEisg. HttEBAIRE,
GPT-5.5-Cyber SES&IEFIIAE FHRER SRR, Bi& Codex Security, Daybreak Cyber

Partner Program # Patch the Planet S, SEELEENBRARIBEIT. BRIESFFRESGH
e, BSKE, GPT-5.5-Cyber RFURHANERE OpenAl IEXINBMELEEGRE, BRIRH

Al BELRFIENERERE. RENFH—SEEIENE. SNENMSIILEETER.
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