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Sa2VA: Marrying SAM2 with LLaVA for Dense Grounded Understanding of Images and Videos
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Sa2VA: Marrying SAM2 with LLaVA
for Dense Grounded Understanding of Images and Videos

Haobo Yuan'*, Xiangtai Li** T, Tao Zhang??*, Zilong Huang?, Shilin Xu*,
Shunping Ji*, Yunhai Tong*, Lu Qi?, Jiashi Feng?, Ming-Hsuan Yang'
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ABEE

ANNMBT MBS Sa2VA HUFEIESR, BEIRE—NRRIRBRS ENEEL (SAM-2) 5—NaXA
WIESAEE (LLaVA) BEH—BE—N. tlin2lim)|lEZNESP. HERESSIINEGA RN "E5Ef
HRAVIERE"  (dense grounded understanding) , BMEESANEERMIIEASHITINE, KBRS EFHE
FRAHEHREIAIR. 2SRRI OSBRI A T — MRS — 2R LLaVA 1REMNMESIR, BRGNS
N, IERIESESH—ME4RY [SEG] <hE (token) . IXA [SEG] < HERIBSREMASHEEHAIF— 15>
EIRSRR (prompt) , &HES SAM-2 RURERSERAERMENAISEIHERS (mask) . XFSAESIREEEZIEE
F—09. —RMHESMIE (one-shot instruction tuning) SRAMESFES, SIEEAEEG/IBINE. B
SABTNRIARI RN FRER. A7 BRRRE B IGEIENE—R, (EEREHT Ref-SAV, X2—

TRETEMIE MERIEIBTSR O BRI AR BN T8RS

-Clm you describe the video?

‘éTh: video shows a woman walking down a busy city street at night. She is wearing a red dress and carrying a black handbag. The street is illuminated by bright lights, 1
and there are many people walking around. The woman is walking down the street, passing by many people, and looking around. She is wearing sunglasses and has a con ‘
fident and stylish demeanor. The video captures the vibrant and lively atmosphere of the city at night, with the bright lights and bustling crowds..

& What is the person holding? ‘i The person is holding a black handbag. & Can you segment the person wearing sunglasses on the street? ‘i Sure, it is [SEG]. ]
|
I i i " g P 3 W -

boarder in mid-air, performing |

ajump on a snowy bill. The sn |
owboarder is skillfully riding a .
11

¢ in the center of the e video shows a young man skateboarding in a city plaza.
‘ & snowboarder is wi vh ! The man is seen riding the skateboard in different locations, in

ket, which contrasts Nm. cluding a sidewalk and a street. The video captures the man's
! movements, showcasing his skills and the urban environment. |

1 Video Conversation
o What kind of animal s it? |

]
:

""”‘“**/allll
S i iy | T

RefCOCO+

ReVOS-576 508 8:081.6R=fCOCO

i
|
]
t SEED-Bench —— GLaMM-78

. —— Sa2vA-8B (Ours)

Sure, it is [SEGL | @

& Please segment the person weari
ng a light-colored hoodie. Sure, itis [SEG].

i o What is the weathernow?  The weather is foggy. '§ L= S
The giraffe is eating 2 I
- P f.um“me ' o What s the color of the front car? Itis black. i ' s \
Refemng lmagc Segmcntahon | Refcrrmg Video S Segmcntatmn 1 & b MMBanch-Vid
i Please segment the bl ' |
onde-haired gu]dam:mg ] o 0. i — LLAVA-15-138
in a blue dress. ] ! " LLaMAVID-7B
' MMBench Video- == OMG-LLaVA-T8
: — ViIsa-138
:
i

©

Figure 1. Illustration of capabilities of our proposed Sa2VA. (a). Given a video, Sa2VA is able to segment the referred object and
understand the whole scene. (b).Sa2VA supports image conversation, video conversation, image referring segmentation, video referring
segmentation, and grounded caption generation with single-shot instruction-tuning. (c).Sa2VA achieves strong results on multiple images,
video referring segmentation, and chat benchmarks compared with existing MLLMs, such as GLaMM [66] and OMG-LLaVA [99].
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o B MATFEEIIREISIISHIEMIA—IREL: Sa2VA BE—MSUSISEIEMIER (SAM-2) SMHE
SAKRE (LLaVA) "BRIR" B— P EBE—InEin R FhIESR, XFMRFRIS S EE RS R HUTIHEESS (B
R) MBERRBAES (£F]) . FERNERTHSEGHSIRN, XRUEREMABEERIEES.

o B H=[SEG]SHCIMAIIERRRELE : ZIEEUE R T —MERMEAIEEE, BBRESEEER
—AMETARY [SEG] 4%, HISRUASHETIRR SAM-2 f#i088, XFESHY. "EIIRRDA" ROIRIHEEHE
ZRRES R ERREAGEATUGANR, FAEETREFHREREHRY MLLM 5o EIREL,

o ifilh Ref-SAV EEFIEIRESE: T HEMWUTHURIERIUBRVAR, ZIS GEH T Ref-SAV, XE— %
Y. EEEERIEABI SRS EEE, ZEiRSEEY Bt ERiEelE, 88 7TEY 7.2 A%

EEFAAFRINISHER, XSRS BRI R, AR KR T ERATFHER.

EE S

Paper: https://arxiv.org/abs/2501.04001
GitHub: https://github.com/bytedance/Sa2VA
Model: https://huggingface.co/collections/ByteDance/sa2va-model-zoo
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Increasing alignment of large language models with language processing in the human brain
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Article https://doi.org/10.1038/543588-025-00863-0

Increasingalignment of large language
modelswithlanguage processinginthe
humanbrain

Received: 20 September 2024 Changjiang Gao®"**, Zhengwu Ma®@"*, Jiajun Chen?, Ping Li’,

Shujian Huang™® & Jixing LI®***
Accepted: 7 August 2025 uj a .

Published online: 16 September 2025

Transformer-based large language models (LLMs) have considerably
advanced our understanding of how meaning is represented in the human
brain; however, the validity ofincreasingly large LLMs is being questioned
dueto their extensive training data and their ability to access context
thousands of words long. In this study we investigated whether instruction
tuning—another core technique in recent LLMs that goes beyond mere
scaling—can enhance models’ ability to capture linguistic information

in the human brain. We compared base and instruction-tuned LLMs of
varying sizes against human behavioral and brain activity measured with
eye-tracking and functional magnetic resonance imaging during naturalistic
reading. We show that simply making LLMs larger leads to a closer match
with the human brain than fine-tuning them withinstructions. These finding
have substantial implications for understanding the cognitive plausibility of
LLMs and their role in studying naturalistic language comprehension.

® Check for updates
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RN RFEIAR 7 RBUESEE (LLM) S AIGESIERIRISTIEE, STERAET AEEHIE (scaling)
EBHITIESHOA (instruction tuning) BEEERFHERAPARIESLE. RE LLM IEEHIAKES MRS EE

HEX, BEEBAmERAINHEFREBA AT

SEIREEMEIARIRERIE LS

BT ZFE. SERLAR,
KAREAEAMEAIER LLM FILS5SHR0E LLM (NEREIEE NN, 235 AREBREESHH
BRaN{T/oSUEADIREEHIIRAG (TMRI) BREDEGREETRIESHT. HFERBIHEY, R KRR
(M 7128 650 {224 L TIESHIBREH RS AINEsNE RZRIRITT, BIEARIRELREEIF TN ALY
FHEAT A SHERN, THESHMBAFAREREMNS. X—RINGTIER LLM BSANSEEAREEBAES

RPN AEEEENETEX.

@ Experimental procedure € Alignment of LLMs with eye movement and fMR| data
MRl Original sentence: Could humans live on Mars some day?
Eye-tracker — Reading ordes: Humans Could humans live Could on Mars on hismans some live some day?
+ 5053
3 fixation . J
- Scientists aak this question ||
\ gt Earth anc Mars are | <8 5 WJ Coui o
e text presentation ') = Humm
J Eye pd J wertex
+ MOVEMENE  wa & MRI &
055 it g
r , fixation i & \é{)
) b bbbl o
Could humang live on gl T
Mars some day? 85 Eg‘ Elatt =
> _.u.m J o4 atten BTSN (e 1B
‘ + 16 5 b 4 Train sentence, | |'.Tram sentence, .
0 B | I . .
Draparagon - C Test sentence,,, |Tesl sentence,,, ..
. -

Ridge regression
I: Extracting attention matrices from base and finetuned LLMs of different sizes

( Attention matrices per layer

) \ ~ . :
Scaling P ———— - = e
[ g = | == an
‘ 1 Head! Head2 Headn ey : 815 !
g - Flatten (§3 ® Concatenate = l ]
LLMs — |9 — i L} : sentences H l"';
Finetuning h - = | | — 1
.r\?,l 'x_ lﬁ e s ,Vé? L i i | 11
' - 'y Bl e
‘ Lfl Lower triangle off &= P
J — F st
Fig. 1| Experimental procedure of the dataset and th: ipeli pipeline. The attention matrices of each layer of the LLMs for each sentence in the
a, Experiment procedure. Participants read five English articles sentence-by- experimental stimuli were averaged over attention heads and aligned with eye

sentence whileinside the IMRI scanner with concurrent eye-tracking. b, LLMs of movement and fMRI activity patterns for each sentence using ridge regression.
different sizes with and without fine-tuning are employed in the study. ¢, Analysis
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o USSR RFIELLER : EIXRFIEIXILL 71 ARELUE (scaling) FIFETIE A (instruction tuning)
XFMERBA, SERRIMS ARG ARIESHEE S AKIE S BB THEE.

o { KHUMEIIRERIFFRIKIRIER : FARBAIATL, BRERIENA, EREBRIESAKEBE AR T
FAG BRI STEERMS, IESLT "HUEEN"  (scaling law) TEINAIESCHE CBEIFER, M8
SRR TR R .

o SIESEHIRRINITTA: TSR EN BT MEN S ARRFEIREIE—RaEY (1779) F0Th

BEMHILIRAG () ——#HTXISTOMNT, FHIHMERERSARSIERIHEM T 2ENEERIEE.

EE S

Paper: https://doi.org/10.1038/s43588-025-00863-0




07

® =

Self-Adapting Language Models

2025-09-18
Self-Adapting Language Models
Adam Zweiger* Jyothish Pari*’ Han Guo EKkin Akyiirek Yoon Kim  Pulkit Agrawal’
Massachusetts Institute of Technology
{adamz, jyop, hanguo, akyurek, yoonkim, pulkitag}@mit.edu
=]
SE

AREHTBIENIESER (Self-Adapting Language Models, SEAL) , —/MNEERRABIESETY
(LLMs) 1£70) 145 a4 R EE5EHY. REBNFESSEFETRIRRENRIESR. ZERIZORERINESEE
BITER B CHHBEIEIIERIES FRA "BRIE" | self-edit) KLMBHKERE. BACKR, HEXTHE
NB, RBLA A ReE A EREA. MHUESHIEE TREAREASHN "BiRE" , FHEd &R (SFT)
BXLyRisNSNAZIESNE L, NMsEIHSARIER. A T)IEHREERERER "BRE"  XEXAT
—NIEUFEIER, BEEERGE NrES LROMRERTHEARMES, STINIA, TeREMREEER
EOERNZIWES L, SEALEREI THEXME, ASCIaEBImNEiE HTERIESNFINNESEEIE

H T BRIR—,
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RL Outer Loop Iterationt

RL Data

, Test H _, Ans
SE, - optimize L£( %, 16, )~ 6 adll ed (Ctx 0, 55,%‘)
State Action Reward

Test P Ans -
Ctx 5 1M 6, SE, - optimize £( %, 8 )~ 6} adl  d I ed

Test ¥ _, Ans
SE, — Optimize [,( i, ﬂ,)—i o - MG - x

Figure 1: Overview of SEAL. In each RL outer loop iteration, the model generates candidate
self-edits (SE)—directives on how to update the weights—applies updates, evaluates performance on
a downstream task, and uses the resulting rewards to improve the self-edit generation policy.

FERR

o BRIBSEEMIE: 12H SEALTESR, (HESREREREME CRMIBEIENENES (B "BRE" ) |
FES SRR (SFT) SN BESEREMNERSAMERH, NMEREHSEEAIRE.

® IRLFEIMATER : QIFTIEERA—NENES (RL) SMERRMUK "BiRIE" ALK, EERIEIN
R (BMETES LRUMRERTT) BEREARRIES, M5 ISEEF U TERR A SRETERoH
E[=5

o H—HBEENSHL: SIKBIMNIEEMEREGENESINITIEARE, SEAL BiZFREE B SRIAREENR
SEWEHIENENTRE. HEEETERBERIESIES R E I GEHEIRE, BAESIERE

RiEtt.

EE S

Paper: https://arxiv.org/abs/2506.10943
GitHub: https://jyopari.github.io/posts/seal
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ReasoningBank: Scaling Agent Self-Evolving with Reasoning Memory

EIHA
2025-09-29
REASONINGBANK: Scaling Agent

Self-Evolving with Reasoning Memory

Siru Ouyang!®, Jun Yan2, I-Hung Hsu2, Yanfei Chen?, Ke Jiang?, Zifeng Wang?, Rujun Han2, Long T. Le?,
Samira Daruki, Xiangru Tang®, Vishy Tirumalashetty?, George Lee?, Mahsan Rofouei*, Hangfei Lin?, Jiawei
Han!, Chen-Yu Lee? and Tomas Pfister®

University of Illinois Urbana-Champaign, 2Google Cloud Al Research, Yale University, *Google Cloud Al

ABIRE

AIGRHT ReasoningBank, —NEELEARENESERE (LLM) RESEBMNIELRPIFEFIFERK
FHARIFTENCIZIESE, SHOIAREEENEMESH T EERFIANEE, ESILHERIIE,
ReasoningBank @I BEFFIMT, MRIHFIKMAEFINRIEHIREHEZ R, BEXIHIERIRHENICIZE.
SREBRFESE, BRRFEXRRBLIESRR, AEESTAEEHERAREESRIE, F— 1
REIRG, EHEE, XEH—PSINTRERFROAEY & (MaTTS) £, @R MES LM
HERANLF=ESHUIREEALR, H ReasoningBank 12t T FEMNXILUESKERESREMNICIZ, M
FEICIZ SR R Z B T3 KRR, 1B AR TUN SRR TAESEENE ERY 23088, %R
RIUEBA T ReasoningBank A& 7 RERRVRERMBLINE, RS 7 LACIZIRaIAIEIY RIEA—FHEaI8E
IR, BRI AR ESZ T,

! ' Trajectory Memory E Workflow Memory

o

Workflow: Retrieve Information fn

«n

)

0

i p TS % ReasoningBank Memory

o

Number of Successful Tasks

o w

20
Number of Tested Tasks

Figure 1 | REASONINGBaANK induces reusable reasoning strategies, making memory items more trans-
ferrable for future use. This enables agents to continuously evolve and achieve higher accumulative
success rates than the “No Memory” baseline on the WebArena-Admin subset.
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[ E ReasoningBank: a collection of memory items J : Title: Prioritize user account sections for personal data
m Memory : e )
Item : Description When a query requests user-specific...
l (i) Memery Retrieval (i) Memory : Content: Systematically look for and click on links ...
Consalidation
Memory Extractor
#: experience/trajectory
inkz... | i </think=
A-?v 3' < ! L} Experience/Trajectory 5?"[ -c-th r.|k .ne.?c tclv nfawgate to ... </think
) @ a “n MENOFY =action> click("188) </action>
- B | Concion Mrema? | 2 Tusk g: Tl me the status of my latest order and when it will ar
. i r
- i Env ems aa Task g;: Tell me the status of my latest order and when it will arrive
I [ T | --T_ >
ime
Task g, a Task g 9 """ Taskgg, =00 et Task gy

Figure 2 | Overview of REasoN1NGBaNk. Experiences are distilled into structured memory items
with a title, description, and content. For each new task, the agent retrieves relevant items to interact
with the environment, and constructs new ones from both successful and failed trajectories. These
items are then consolidated into REaAsoN1NGBaANK, forming a closed-loop memory process.

FE

ot

o WWELZIGRIFAICIZIESR: 1B ReasoningBank fE28, EMNICRAIIAYEN, BEXRFERIZFEMNREATIL
B hiiR A2 (IR RERFNE), (EIERERERESICE, Bl T (B INITEMESRICIZITE.

® CIZSH RAIMRMIRL: SIANRFRAINEYT & (MaTTS) KA, BEERMES DHTRERR,
ReasoningBank IREFERIRIISKBISLESUERESRENICIZ. XMESREICIIRIEIIEST B
T2, SEMTICIZEHET R ERERAINEIRIAL,

o LINIEMNBREL SRR : WET —NIMHNBERHNUERS, ERIEEBEHEESRERREFEMNES

P, SCIGUERR, 1XI0iA MY BERT TESAIISRMAER, MeEEREEARINE N ERRSIRAHEE

T

SREg, HEIESCIN 7 RENRIFFERAK.

EE S

Paper: https://arxiv.org/abs/2509.25140
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Interpreting Language Models Through Concept Descriptions: A Survey

HHA

2025-10-01 (3T BlackboxNLP Workshop)

Interpreting Language Models Through Concept Descriptions: A Survey

Nils Feldhus*'?  Laura Kopf*'*
'BIFOLD - Berlin Institute for the Foundations of Learning and Data
*Technische Universitiit Berlin
{feldhus, kopf}@tu-berlin.de

#Equal contribution

ABRE

ANR—REL, REMENATEY "Bt KERARIESEE (LLM) REBIUHIX—Fr <.
RS RRIERT M RO BiR, AR FEARIEMRE, JIBEMEERIA
EREM (AnEETT. EEL) MREMSR (UWIFRERERISE: SAEFHE) Bl ERFTRIEICHNERESHEA,
PAFSRETRE. A IX—RIEA FRATIEHT TEREEE, FAER 7 EMX LS HERRIRETTEA.
RFEHAIBEMMCEATIHEEIAMAR (RERUEINL. BRTISE) |, MURSHRRRRROEIRS. St
BRI, HRITARIEMNGRRRAN S R T M DT R AU AOREM S (40 SAE FHIE) |, FFEXHERRTIT L
KHEGEEFEAIERIOIE. BYAEZIURATIVR, EBESHhE, FSRFRFIRM T —(DiBHHIESLE,
SERERTEEANERRE.
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ny strongest childhood memories are [.

Neuron /sns Feature

..| deep appreciation for for the polper of s:nnce [..
One of the most rewarding aspects of my career [..

Personal experiences or
|- - ]

Max-activating samples

Feature description

“[...] Politicians come and go [...]" |
1

[
— 3 foas) fwr 35, *[...] He would come and go [...]"
90/' “[...]1 Politicians come and go all the [...]" ‘ x "[...] she left ta go [...]" ‘
O{__{.---- 3 |-+ He would cone and go as he [...]" —) w7 s, e “[...] you can give it @go [...]"
"\'::-- “[...] she left e go to the washroom [...]" e J ANANYA 4
Meuron “[...] you can give it [a go if you want [...]"
Max-activating samples e, (o8 o +

Identify next token neuron

Attention Heads “Head 585 is active when the prompt

has the phrase 'come and go'."

Attention head description

When
10 Mary
and T
N e E— v
5141 went — 1
to i an | kALl )
the i )
store Previous Token Heads Negative Name Mover Heads
. h 4
Yobai oy fah o
BE 1 a AL | [ ] L] o
gave § Name Mover Heads
2 Duplicate Token Heads ungumim Heads
drink : L] ? 1 2 L] AL 2 L] l
END to * (3 L] (] W —_—
Input Tokens S-inhibition Heads Backup Name Mover Heads

Figure 2: Overview of descriptions for model components (i neurons,

attention heads) and model abstractions

(&) SAE features, circuits). The top panel shows a schematic example of an automatically generated feature
description for a neuron or SAE feature, based on top-activating text samples (same process for both). The middle
panel shows an example from Neo et al. (2024) of how attention head descriptions are generated: first a token-
predicting neuron is identified, then prompts that highly activate it are found, the attention heads responsible for its
activation are determined, and explanations for these heads are generated. The bottom panel shows a circuit from
Wang et al. (2023a) implementing indirect object identification (10I), where input tokens enter the residual stream
and attention heads move information between streams, query/output arrows indicate where they write, key/value
arrows where they read, and each class of head has an associated description.

FE

ot

3%\

o HASHERIEFM O : 2F5 R &
THzUGA. BIREAITERAR, Nz

o {HERLHEMGESIHMEER: ICSOFARMNTHES

IS A
TERIBFSRA T

HIANAERTE (BIXETT. SAESFE. BIRE)

RS RA X—RLRWERIGRE, RErHnEE
AL EZ N

, F

RBHT—MESUEN. BRFHR. ATHMYFEMEENGESITHMEAR, NEERERERME TINE

® ISERZL RS A RIZEE:

FRRFKAFIRE TSR, SIREERENEMAT REBE., EinECREES,

F&.

EE S

Paper: https://arxiv.org/abs/2510.01048

IESGRZIBIT Tz IGrI Ofkix (ATt It T ERNERERE)

STEHEMRELERAYA
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Agentic Context Engineering: Evolving Contexts for Self-Improving Language Models

HH
2025-10-06

Agentic Context Engineering: Evolving Contexts for Self-Improving
Language Models

Qizheng Zhang'* Changran Hu?* Shubhangi Upasani > Boyuan Ma? Fenglu Hong?
Vamsidhar Kamanuru?  Jay Rainton? ChenWu? Mengmeng]Ji? Hanchen Li?
Urmish Thakker > James Zou'! Kunle Olukotun ’

! Stanford University 2 SambaNova Systems, Inc.  * UC Berkeley * equal contribution
¥ qizhengz@stanford.edu, changran.hu@sambanovasystems.com

AEIEE
ASHEHT—EH ACE (Agentic Context Engineering, BPEBEME E T TR) BIELE, SEMRR
HEIAENESER (LLM) ELE T OENFEIGREEN L. NBEAEESET "EiEttmRl” (CHBXKE

SZIiEEIRZR) M " ETNEERT (AESSEUTREEERM) Fa@. AN, ACER ETMR

MFEEEHAY "RIA"  (playbook) , BII—MEEEM. REMGRIMRICTE, FFRR. =G
HRIR. ZIERRASREEEFNEILILLLERER, FERNNHEZ (NREFRTR) SHEL (W
BREKICIZ) BT, SEIER, ACE EEREMISRISMEEEEENNESNTIEERS, HHEL
FRCRENER T, (FIRITRIRHTENEEN, RESLM T — T B, SEEEHEHAY LLM R
4.

Agent: AppWorld 2 Domain Knowledge: FINER 0 Numerical Reasoning: Formula
59.5%

80 S 76.5%

51.9%
74.2%

71.5%
73.5%

72.3%

69.5%
<475 46.0% 46.4% o
72 70.7%
45.0 A &8 §7.5% 67.0%
425 L
66
40.0 < 68 = C
=p"’ e (,Vc—??' o S ﬁ\}’h o (,(’F?' o »C ee © c,(’—vp. o b-c'

L ® ¥

Figure 1: Overall Performance Results. Our proposed framework, ACE, consistently outperforms strong
baselines across agent and domain-specific reasoning tasks.
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Iterative Refinement

—"__"--

EEE Yo N4 T

| N s ]} mp
— R L g G iy L=
Ti= Generator Reflector Curator
T—
COMEN!  fo o mm o mm o - o o o o o mm m mm mm mm mm m e mm mm mm mm o
PIay;ook Update -»>

|

1 Delta Context Items n[

Figure 4: The ACE Framework. Inspired by Dynamic Cheatsheet, ACE adopts an agentic architecture with
three specialized components: a Generator, a Reflector, and a Curator.

FERR

o AIERAY “BIA" R _ETSHELR: f2H Agentic Context Engineering (ACE) #E28, 1 R A— ME4E
B "RIA"  (playbook) , BISAKTRER. IRMGAIELIREE, BRERRTERTIAFRH EIEERL
" ERMEER (AR,

o IEBLANBRETEMING: KA k- KBS ARRCTENSEURIZESER, BRTEXESSH
SRERNERES AL, BERAT LT OEMAE. BT Bk,

o EFHMITRIGHIBREME: EREBMIMA TR ENERSE, (NESHARBITRIISESERRER
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Reverse Embedding
-

[Add & Norm |
A

MLP

Add & Norm

Self-Attention

A
| |
Input (x) Prediction (y) Latent (z)
[Question] [Answer] [Reasoning]
~

¥

Step 1,2, ... ,n: Update zgiven x, vy, z
(Improve the latent z)

{

Step n+1 : Update y given y, z
(Improve the prediction y)

Applied Ng,, = 16 times
(trying to improve the prediction y)

Figure 1. Tiny Recursion Model (TRM) recursively improves
its predicted answer i with a tiny network. It starts with the
embedded input question x and initial embedded answer
y, and latent z. For up to Ng,p = 16 improvements steps,
it tries to improve its answer y. It does so by i) recursively
updating n times its latent z given the question x, current
answer Yy, and current latent z (recursive reasoning), and
then ii) updating its answer y given the current answer y
and current latent z. This recursive process allows the model
to progressively improve its answer (potentially address-
ing any errors from its previous answer) in an extremely
parameter-efficient manner while minimizing overfitting.
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Figure 1: The top panel shows AlphaEvolve-style pure algorithm evolution without deep research,
where the best improvement appears in the first generation and later iterations have marginal gains.
The bottom panel shows DeepEvolve, which integrates deep research. DeepEvolve avoids shallow or
excessively deep but unproductive evolutions, achieving sustained progress with clear performance
jumps at key iterations. 4+ denotes adding a new idea, and () denotes refining a previous idea.
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Paper: https://arxiv.org/abs/2510.06056
GitHub: https://github.com/liugangcode/deepevolve
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Scaling RL Data to Pretraining Levels
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Ding Zhao®, Silvio Savarese!, Caiming Xiong', Huan Wang', Weiran Yao!
!Salesforce Al Research, *Carnegie Mellon University
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Webscale-RL
Data Pipeline

Pretraining RL
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Figure 1: The scaling on LLM RL is fundamentally bottlenecked by the scarcity of high-quality
RL data. While pretraining leverages >1T diverse web tokens, RL datasets remain limited to
<10B tokens with limited diversity. We propose Webscale-RL data pipeline to fundamentally
improve the scalability of RL data: we convert the pretraining corpora to verifiable query and
ground-truth answer pairs, scaling RL data to pretraining levels while preserving the diversity.
The experiments show that RL with Webscale-RL data is significantly more effective and efficient
than continual pretraining and data refinement baselines.

{ Domain-specific
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7 QA Generation
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Figure 2: Overview of the Webscale-RL data pipeline that systematically converts large-scale
pretraining data into RL data while preserving the scale and diversity of web data. The
pipeline maintains a domain-specific demonstration library for few-shot examples for high quality
generation and assigns multiple personas to each document to encourage reflecting different
viewpoints. The generated QA pairs are verified for correctness and leakage prevention to ensure
the reliability of the RL dataset.
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Paper: https://arxiv.org/abs/2510.06499
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SAM 3: Segment Anything with Concepts
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SAM 3: SEGMENT ANYTHING WITH CONCEPTS

Anonymous authors
Paper under double-blind review

ABSTRACT

We present Segment Anything Model (SAM) 3, a unified model that detects, seg-
ments, and tracks objects in images and videos based on concepr prompts, which
we define as either short noun phrases (e.g., “yellow school bus™), image exemplars,
or a combination of both. Promptable Concept Segmentation (PCS) takes such
prompts and returns segmentation masks and unique identities for all matching
object instances. To advance PCS, we build a scalable data engine that produces
a high-quality dataset with 4M unique concept labels, including hard negatives,
across images and videos. Our model consists of a vision backbone shared be-
tween an image-level detector and a memory-based video tracker. Recognition
and localization are decoupled with a presence head, which significantly boosts
detection accuracy. SAM 3 delivers a 2 gain over existing systems in both image
and video PCS, and improves previous SAM capabilities in interactive visual seg-
mentation tasks. We open source SAM 3 along with our new Segment Anything
with Concepts (SA-Co) benchmark.

ABIRE
ASHEHT SAM 3 (Segment Anything with Concepts), —NS7ERIE "SRR (WEEEEHE
gsefl) ke, 2EFHRIFEG ST FE RENRIFINSA—EE, ALIX—BiR, BXEXENT
"AIEMESDE]”  (Promptable Concept Segmentation, PCS) {155, BEEY & 7 HRIUEENEED S
BANNIRAGEEN. AT HRZES, MREWE T —MEIFHN. EaAXSE AlTRERNAIEEIES|Z, 5%
AR 7 EE 400 HIRFHIESAUEERE SA-Co SRS, BREEI L, SAM 3 RAtelzs SIRIREE S BAvRIT,
FEIN—1ERRY "FAESLER"  (presence head) EARFBIRBISEN, MMAIEER THWSE, FE, 18
SRR T 2T SA-Co EENINE, EARTENAEE, Hifh PCSESRMA 7 IRCER, TSRS
<, SAM 3 TEEUSFIISR PCS 1355 ERIMBE LB RFIRF T 2 (5, HEEARERX D EUES LiE# T SAM
2, IkHh, SAM 3 IRRESSIESKIESIEE (MLLM) &4, Ak "SAM 3 Agent” , LIAMEESZAGHEES
EEK, 4R, SAM 3 BITENFES. MESNEUES 2. RHESIFMEEEHAMANIREE, HER

53 BVTUHAZ T Fr YRR
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Figure 3: SAM 3 architecture overview. See Fig. 8 for a more detailed diagram.
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o CUFRYEHES IZESAMUREE: 1S308 T — I SRIANINELIES 12, SIFmnts I AlREYEIIRER
MBIER, FiREEtEEE. BT, AMUOMERBIIGER T SRESUES, ERM 720 SA-Co HiE,
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Paper: https://openreview.net/forum?id=r35clVtGzw
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Mamba-3: Improved Sequence Modeling using State Space Principles
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2025-10-12

MAMBA-3: IMPROVED SEQUENCE MODELING USING
STATE SPACE PRINCIPLES

Anonymous authors
Paper under double-blind review

ABSTRACT

The recent scaling of test-time compute for LLMs has restricted the practical deployment
of models to those with strong capabilities that can generate high-quality outputs in an
inference-efficient manner. While current Transformer-based models are the standard,
their quadratic compute and linear memory bottlenecks have spurred the development
of sub-quadratic models with linear-scaling compute with constant memory requirements.
However, many recent linear-style models lack certain capabilities or lag behind in quality,
and even their linear-time inference is not hardware-efficient. Guided by an inference-first
perspective, we introduce three core methodological improvements inspired by the state-
space model viewpoint of linear models. We combine a: 1) more expressive recurrence, 2)
complex state update rule that enables richer state tracking, and 3) multi-input, multi-output
formulation together, resulting in a stronger model that better exploits hardware parallelism
during decoding. Together with architectural refinements, our Mamba-3 model achieves
significant gains across retrieval, state-tracking, and downstream language modeling tasks.
QOur new architecture sets the Pareto-frontier for performance under a fixed inference
budget and outperforms strong baselines in a head-to-head comparison.

AERE

ASHRHT Mamba-3, —MNETFRETEER (SSM) [RIBIIXSOHFFFIELRE, HaT, FHEEMR
HIEE Transformer HEIEE RTFIHESREMESMERNRE (KV EF) MImmRAEEEN,
MIARIE_RITEE (40 Mamba-2) ERBRTHERAE, AEEEEEREINTERE] WIRSER)
LB, 7k, Mamba-3 MEESRMANBEE, SINTZIHR0mEFEE: 1) RS BRI
(Trapezoidal Discretization) #& T LIS EERRIARDRIEREN,; 2) SINEHERETE
(Complex-valued SSMs) , BITEFXHIEIRKIIIEEERID (ROPE) 1838 T REMPREIERRRES; 3) 1
HrZmAZHEE (MIMO) 5B, BIRREEHRMIMUEIREMSRE, BERA T HEBURETIEHATTE
R, HEEXLNHE, Mamba-3 TERFEMIIASRENEEATHXRINEN, HESEERE. REMNSE
EREESS LS T BEMTIMEL RTEEAIERE, NEREHEEE NSRRI SRERAIHRITATG

(Pareto-frontier) #3Z 7 FFAUHFT.
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Figure 1: Left: The structured mask induced by the generalized trapezoid rule is a product of the decay and
convolutional mask. Right: Euler (hold endpoint) vs trapezoidal rule (average endpoints).
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BitNet Distillation
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BitNet Distillation
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AXAMAT BitNet Distillation (BitDistill), XE2—MZERER, SEBNERI. £BEENANESEKEE
(LLMs) Sxuti-EssEEdsr 1.58-bit (BI=7tiNE {-1,0,1}) &=&, LRTIHFEN NENA. XL
VERRIR T — N KSRk BN AR (QAT) BAERGIAZE 1.58-bit S EEAIMRETEM
EFEY Rit—RIEEERRTABNEX, MeeERRMEay K. BitDistill BT— M =MERAVAERR T
XANMERE: (1) {8 SubLN HEHRETEMMAMLMRIE)IGREN; (2) — N RENFETuG #8" £
B, UEEENEEN=TEN, (3) HEE— I ETRENMEMER, ZMERFIA logits ZIEMZLER
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Task Performance Comparison on Inference Speed (CPUs)
Classification (Left) & Summarization (Right) and Memory Comparison
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Figure 1: Performance on downstream tasks across model size, with inference speed and mem-
ory efficiency comparison. We observed that directly finetuning full-precision LLMs into 1.58-bit
LLMs (denoted as 1.58-bit BitNet-SFT) leads to a notable performance gap compared to the FP16
baseline, and this gap remains or even widens as the model size increases. In contrast, BitDistill
preserves scalability, resulting in performance comparable to full-precision counterparts across all
model size, while reducing 10x memory usage and 2.65x faster inference on CPUs.
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Paper: https://arxiv.org/abs/2510.13998
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Reasoning with Sampling:
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RIGRHT—MEFIGIRERE, SEhEERCES (RL) ERFQESER (LLM) #E3E8E075H
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Reasoning General
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Figure 1: Our sampling algorithm can match and outperform RL-posttraining. Left: we compare our sam-
pling algorithm (ours) against the base model (base) and RL-posttraining (GRPO) on three verifiable reasoning
tasks (MATHS500, HumanEval, GPQA). Right: we compare them on an unverifiable general task (AlpacaE-
val2.0). Our algorithm achieves comparable performance to GRPO within the posttraining domain (MATH500)
but can outperform on out-of-domain tasks such as HumanEval and AlpacaEval.
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From Pixels to Words -- Towards Native Vision-Language Primitives at Scale
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FROM PIXELS TO WORDS — TOWARDS NATIVE VISION-
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Xiaohua Wang” Hanming Deng® Lewei Lu’ Dahua Lin® Ziwei Liu!
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Figure 1: Overview of our native vision-language frameworks, which project arbitrary-resolution
images into a continuous latent space, integrating the virtues of modular VLM architectures and
enabling efficient vision-language encoding, alignment, and interaction in an early-fusion manner.
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EhEre &S (Native-RoPE) BISHEHERIE (T) . BE (H) MEE (W) EEFAIESEAERR, £
AT 145 LLM 1ES8ERIERS, S T XIESEIK RAUBARRRD,

® SHANISRESE ERE: NEO XABRIFHY "TEP=E (Pre-Buffer) -[HESEE (Post-LLM) " &
BEQIIERRES, EAREBEENEFTHAEIFIMTANR, FRISSEMIRIKFHRER LLM SERRIHEEREN. FRELL
i’it, NEO {RFALEHEE (390M EIXX]) HESNEREENN LBYE T SEREHZEWE)I1ZRa9TR R
BR{E VLM TRRSERIMERE, FEDIERR T ESRMROMUBIME. AT RIMEANEIERER.

EE S

Paper: https://arxiv.org/abs/2510.14979
GitHub: https://github.com/EvolvingLMMs-Lab/NEO




o itX+H

BLIP30-NEXT: Next Frontier of Native Image Generation
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BLIP30-NEXT: Next Frontier of Native Image
Generation
Jiuhai Chen'?** Le Xue!" Zhiyang Xu® Xichen Pan* Shusheng Yang*
Can Qin' AnYan' Honglu Zhou' Zeyuan Chen' LifuHuang® Tianyi Zhou®
Junnan Li'  Silvio Savarese!* Caiming Xiong'* Ran Xu'*
!'Salesforce Research
2University of Maryland ~ 3Virginia Tech  *New York University ¢ UC Davis
“Equal Contribution.  *Corresponding Authors.
ABIRE

AXNET BLIP30-NEXT, —ME BLIP3 RIIPZEFFIRRIEMRE, STEENREEREMANTH
Hiid. BLIP30-NEXT fEER—LRHIRGE— 7 3EE (text-to-image) FEIRIREFAIIRE, FRIIHEAAINE
BE. IZMEBIRET—M "BEIT + ¥EU  (Autoregressive + Diffusion) HGESZEM: BE5%, — I BEIT
BREMRIESIESEAN (XAMSEER) EREMINEIRIRE (image tokens) ; #AfF, XEARCHISRUAS

(hidden states) #FA{E— N BUEEINIRMHES, LERSREENSEZER. XMRIHES T BEITERE
FOHEE. 18 BERS S SRS ISR, S TIE N ER M SR RELRIHEE.
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Text Token . Image Token [ Generated Image Token

Policy
! aran,

) Optimization
- Generated ! P!

Traneforme, Image \ fm—m———--
- < al* )
R \

Cross

Attesion | K .y Mmoo
Be\m: ""\ﬂ:’ b M oo
I
Autoregressive Model Autoregresswe Model A - Autoregressnve Model

Image Tokens  Text Tokens A red cake and a purple chair.

Architecture Reinforcement Learning

Figure 1: The architecture of BLIP30-NEXT (left) and its reinforcement learning pipeline (right).
BLIP30-NEXT adopts an Autoregressive (AR) + Diffusion design, where the AR module autoregres-
sively generates image conditions for the diffusion model. The model is jointly optimized with both
AR and diffusion objectives. During reinforcement learning, rollouts are rendered from the diffusion
transformer, and policy optimization is performed directly on the AR model, enabling seamless
integration with existing RL infrastructures originally developed for language models.

FERR
o SUFRY "BEIT+ir 8" SMESEUEEMFS: RERA AR+Diffusion 281y, FEIFTEIGRES (RL)
ERNATERER, X5 EESTEERIVENESEETTAR RL B3R, SRUtRA T RN ANE
FANE I EERE
° F—HIEIRERSHIEEE, HARFMHRARIE—1E: BLIP30o-NEXT ERE—&REIHSLI 7 EWR A A4
1B, NRRREES PRSI0, ICXERMARFRA T MRS, B855I NEGRERES,

LSS EEEIRRY VAE FHEINE BUIfE+, BEEE T RIEREGIIRER.

o 2R, HMHRER: & BLIP3 RINFRES, (EETEHT BLIP3o-NEXT HFERIER, &
EIISFENGARENNE, SRS, FH)IGFIHEERBLIGHERE, BRTHARNIENG, &

(R ER A PRI R £

EE S

Paper: https://arxiv.org/abs/2510.15857
GitHub: https://github.com/JiuhaiChen/BLIP30
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DeepAnalyze: Agentic Large Language Models for Autonomous Data Science
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DeepAnalyze: Agentic Large Language Models for Autonomous Data Science
Shaolei Zhang' JuFan' Meihao Fan' Guoliang Li? Xiaoyong Du'
ATRE

AXNEAT DeepAnalyze-8B, XZHMAXLH "BHEHIERS" MRITHIIERAKXESES (agentic
LLM) . ZEESRE B IR S inith BB N ERIFERE, WRIREIERER, SRERDITITRBIRTRERT
RE. ATRREGET LERNSESEAELIESEEMESHIBRME, FEREHT—f "ETREN
SEheilzss”  (curriculum-based agentic training paradigm) . BRI AREIERI S RIS T
2, IHEBEREOUMNEhESERAMSSMEIERIFN. B, ATHRRSRE)IGEIERRIE, 7
RIERHT— "BIRRBHIBSRAELR"  (data-grounded trajectory synthesis framework) . SK3GE

B8, {NB 80 {25419 DeepAnalyze fEM4RE LB ¥ BT RCHEEAREMIERN TIFRE B,
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1 ) Data Analysis
g ;-= \\\..". action = o .
£ "—> e - ata Modeling

Data Source Fovi h . ©) Data Visualization
nvironment Orchestration © Data Insight

Research on the data, - 3 :
find some insight! Seedb dde& ; reasoning
- Q
o &
h * /

Research DeepAnalyze-8B Analyst-grade
Goal Autonomous Data Science Report

Figure 1. DeepAnalyze-8B is the first end-to-end agentic LLM that
achieves autonomous data science, supporting entire data science
pipeline and open-ended data research.

FE

ot

o BMABEEHIBRIFIRITAIEESKIER: DeepAnalyze-8B EFE—MEBIHEIRTRNEIBES. D
. TR EARRE £ RS REMEER, EABKETTE TR, MEEdBENLFS
INGRIRZ B SR AR RTT i RIEERT 5T AR,

o SUFRY "EFRIENTEEMIIG" BN : SEREEN A ESISERESERIRRERITR, ZMAFIER
AX "NZERE" BFITRE, RitT "SSRIEENHE, BSMRENEREINIIEG" NMMEBIRE. XEEER
e S EEAEGHEE, D4R, SHEIRIERSSIERREE.

® EIRENAVEESRRIESR, ERIIGEIRREREE: HTRERENIFRHESREN "8 | I83HRHET
— I ESEREMMEER, EEMNINBIEHRHETER (WEHEE) TENESRENHEENZENIT., XA
IR T EUER F ORI Z K. SRR AR EORAIRERE.
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Paper: https://arxiv.org/abs/2510.16872
GitHub: https://github.com/ruc-datalab/DeepAnalyze

Model: https://huggingface.co/RUC-DatalLab/DeepAnalyze-8B
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GS-World: An Efficient, Engine-driven Learning Paradigm for Pursuing Embodied Intelligence using World
Models of Generative Simulation
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GS-World: An Engine-driven Learning
Paradigm for Pursuing Embodied Intelligence using
World Models of Generative Simulation

Guiliang Liu, Yueci Deng, Zhen Liu, Kui Jia*
School of Data Science, The Chinese University of Hong Kong, Shenzhen
liuguiliang@cuhk.edu.cn, yuecideng@link.cuhk.edu.cn,
{zhenliu,kuijia}@cuhk.edu.cn

AIGRHT—FPEJ9 GS-World (iR IHFIREY) AUFELS|E, AETIEET — M ATEXES
BREHENFE I BN, W EEMRIAESEEARTREREANE, S&E. YIERAXAY)IGEIETS:
R "EREE" i, GS-World BISEMEVE I RME— N T2 BEYBENERNRUHSR, 815 3D &=,
MR SE EA 51 ERIEERN, BEFXAEIE, I83RE T —HE "5ZIKaa9 Sim2Real VLA
RIBEMCEIRE, ZIvERE 7 EURER. MEAES-a0F (VLA) &84, WIAIRENSITE. e

UMY BEB B [ HE S B/, BT EREIMNSHTES SEaIL.
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o R "WEEMR" FHIE GS-World 51%: 1EXELHHT T ESEEMERELNAE "SEER" IRE,
FRET—EXEN "WRERF" | AIEEMESEIRERCEREREX, NRRLEE, 183RHT
GS-World (R FER) 5|2, 25|28 EN— T2 MEYIENENEMHR, HESEEN

FIRWMTIRAY. SERER. VIRIBHAY)IGEIERER, MRA LR T IR RATMERR

o GUFIRY “SIZEIRENRY Sim2Real VLA” F3JER: ETF GS-World 51, 183XHE 7T— 1 NEat. AT
FIIE, ZAESEI T NEERAERL. VLA 1RE8Y)|145, FELIOIEEIESCHREBAITTEATE, XM 525K
RO VB T &S T oIS EERY "SuEIkaD" a0, RAMRF T IR Rt (H5IF4E.
BEMRTTE SR I EE.

o YNEISIRIESHSHRISAMREL: SMNERNEELREVIBTERREAR, GS-World s2iEHIEREHs
t, BEBEIEINNS. EMiisSE, NMRIE T FIERIRIRERSSHRPRIEHE (Sim2Real) .
BFit—2F, BTENMEIMERTHA, WAV RIS ( "X ) | BRBERFEMAUALER AR

SEE ("B ), SMTHSSEERINERME, MR /aSEES B TR HRNAT=RATS.

EE S

Paper: https://openreview.net/pdf?id=E23dMeRpEQ
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DeepSeek-OCR: Contexts Optical Compression
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DeepSeek-OCR: Contexts Optical Compression
Haoran Wei, Yaofeng Sun, Yukun Li
DeepSeek-Al
RERE

AXNET DeepSeek-OCR, —IMEERRBIIEF "HMET (optical 2D mapping) RE4EKNA L
TR AR, ZEBH— 1 EIFAIM aiRiSES DeepEncoder #1—4~ DeepSeek3B-MoE f#iD28
1apk, DeepEncoder {EAL5IE, WiRITRATESS PR\ MREHEERFISEEL, LIEREE
SRR SR, SLIAERKRE, SESEELT 10 {30, #REWRJLASCIL 97% B9 OCR fRIDIERE; RIfEFE 20
BRISEY LT, BEMBERIHE 60% A, XAMUAKESEEAK E T AMEFHCIZE I HE TR
HTBEE, BT DeepSeek-OCR 7ELIRMAFHEEIM TREME, £ OmniDocBench EifE E{FERIR/D

TRISARERIM T S hRERUE T S ERE.

] Output
':‘:. - .
SAM Conv
CLIP viT 300M
— 2 VITDET 16x
— — 80M ] (MOE-AS70M)
._.." down-
= mple tok | —
Input Embedding layer Decoder
nx16x16 Y—
patches Tokenizer DeepEncoder Prompt

Figure 3 | The architecture of DeepSeek-OCR. DeepSeek-OCR consists of a DeepEncoder and
a DeepSeek-3B-MoE decoder. DeepEncoder is the core of DeepSeek-OCR, comprising three
components: a SAM [17] for perception dominated by window attention, a CLIP [29] for
knowledge with dense global attention, and a 16x token compressor that bridges between them.
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o FTIFEGRRITIITIHEIGE: DeepSeek-OCR BN "Mit-MA" ShEMEFELLHT Y S EINEND
#r, BSCARMEREREHTE I — N EE- R EAEES. ERT 10 FEERLLTIMT 97% A9 OCR 2
MOERE, £ 20 BEEELCTHRIFE 60% AURBE, NRRKIESERERK E T ORRM T 2 F EER
.

o GUFAAY DeepEncoder Z13: 103GR Y T —M#fAU i smiBas DeepEncoder, BEEI—1 16 {FEFH
B4z, BLBOEEAAEN SAM ERIMUSBESRHAERN CLIP BIREEGEEE, XFHRITHHEEAELE

BOPEREGR, BRUTHRERFNELINESEEE, BRT7TINEIERSRENEEEERERI

- SUETECMINRMEE: 7£ OmniDocBench B E, DeepSeek-OCR {XH 100 MRS hEm BT
58 256 MhERY GOT-OCR2.0; FAMDTF 800 NEM 7H=E 6000+ ShERY MinerU2.0, Lt5h,
IZIEBLBEEARIA 68/, 85K A100-40G GPU S XAJARGRIT 20 ATIRY)IIGEERE, BT HEXAIH

FIBIFNSEPRR RN B,

EE S

Paper: https://arxiv.org/abs/2510.18234
GitHub: https://github.com/deepseek-ai/DeepSeek-OCR

Model: https://huggingface.co/deepseek-ai/DeepSeek-OCR
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Pico-Banana-400K: A Large-Scale Dataset for Text-Guided Image Editing
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Pico-Banana-400K: A Large-Scale Dataset
for Text-Guided Image Editing

Yusu Qian, Eli Bocek-Rivele, Liangchen Song, Jialing Tong, Yinfei Yang, Jiasen Lu*, Wenze Hu*, Zhe Gan*

Apple

*Senior authors

RXNBT Pico-Banana-400K, —PMEEL] 40 A MEARRIANIE, SRE. AN ESEGRE
RS, NERIIEEIRSEEESCM. RENZSHE ERIBIR, ZHAFRAIAKHA Nano-Banana 1&E5%Y
Openlmages #WEEFRIESTRAHITHIE, FXA Gemini-2.5-Pro WEUEANBHERHAITTHEHIRE
=, Pico-Banana-400K AR ZAMETHRSCAIEETTIE, BMUEE T 35 MAERRIERE, &
BET=ANNERARGRRITNEWFE: BTFIIWRERRNSEIERESIE. AR
R EEE, LIRBTIESHERIRKEIESN. ZEIRESEN T —REGMRIEERER) G ENE

H— PN IRSCRIRRL,



Edit Categories

[ Pixel & Photometric
[ Object-Level Semantic

Scene Composition
=] & Multi-Subject
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Dataset Composition

Multi-Turn SFT

(72K) 18.7%
Total: 386K
Single-Turn 14.5%
P
reference 66.8%
(56K) Single-Turn SFT

(258K)

v

/,
v
/ Gemini-2 5-Pro \,

as the judge

Figure 1 Pico-Banana-400K dataset overview. The pipeline (bottom) shows how diverse Openlmages inputs are edited
using Nano-Banana and quality-filtered by Gemini-2.5-Pro, with failed attempts automatically retried. The dataset
comprises 386K examples across single-turn SFT (66.8%), preference pairs (14.5%), and multi-turn sequences (18.7%),

organized by our comprehensive edit taxonomy (top left).
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FatG) W T—MEEYN 40 SEANSRE. S (35 MymigRE) NATEUES

o JENBHAFIRIHRIESHIETE : IFTIERM T =ABWFE, DRI THRFIICRE (SH3HEEERE) .

RERGST (RTE0RE) ME<ER (KEEISX) .

o SIFRIBEHLEEIRERTE:
EMATY R,

tEXHEE
Paper: https://arxiv.org/abs/2510.19808

Github: https://github.com/apple/pico-banana-400k
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Unit Test Rewards for Document OCR
Jake Poznanski LucaSoldaini Kyle Lo
Allen Institute for Al {jakep|lucas|kylel}@allenai.org
AERE

RXNBT olmOCR 2, —ARETIBEEHCENRISI (40 PDF) #&#a8EGE, BAIRFAESIARIIR OCR
%, olmOCR 2 HIZHE—1E olmOCR-2-7B-1025 Y 7B MIESHEEL (VLM) , HEEFZAMET
EA7T "HasERRRGEFS"  (RLVR) #1Tillg, AT7THESIIIX—R, (FEFR T — N EREE
T, ZERSE LA B AT ECAIE(E (ground-truth) A9 HTML, FHMFERIERAEIERN T
BT AR, B mxEa il B TR FEI)I% (GRPO) , olmOCR2 7 olmOCR-Bench Eiff &

BUS T HRisfEMRE, TEAERFATVER. REBEINSEhmREFIENSHENES.
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olmOCR-Bench  Release ~ Model Training Training Inference Model

score date weights data code code license
OpenAl GPT-40 63.9+1.1  May2024 © ° ) [ o’
Qwen 2 VL 7B 31.5+0.9 Aug 2024 (] (<} o () o'
Gemini Flash 2 578411  Dec2024  © ° ° ] o’
Qwen 2.5 VL 7B 65.5+1.2  Feb 2025 © [ [ [ o'
Mistral OCR API 720+ 1.1 Mar 2025 o o (<] o o°
MinerU 1.3.10 61.5+ 1.1 Apr 2025 (] (<] ] (] E
Nanonets OCR. S 645+ 1.1 Jun 2025 (] Qo (<] (] 05
MonkeyOCR Pro 3B 758410 Jun2025 @ ° (-] ° o’
Infinity-Parser 7B 791+ 7 Jun 2025 (] ] (<] (] 91
dots.OCR 79.1£1.0*  Jul 2025 [ (] (] (] o’
Marker 1.10.1 7T61+11  Sep202% @ ° ) o ¢
MinerU 2.5.4 75.2+1.1*  Sep 2025 [] (<] ) () g
PaddleOCR-VL 80.0+1.0*  Oct 2025 ] (<] ] () o'
Nanonets OCR2 3B 69.5+11  Oct2025 @ ° ° ) o’
DeepSeek-OCR 757+ 1.0 Oct 2025 [] o [} [ o’
Infinity-Parser 7B 825+ 7% Oct 2025 (] (%] (%] (] °1
Chandra OCR 0.1.0  83.1£0.9%* Oct 2025 @ (<) (] ] 5
oLMOCR 68.24 1.1 Feb 2025 @ ° ) ° o'
OLMOCR 2 82411  Oct 202 @ ] ] (] o'

Table 1 Comparison of oLMOCR 2 and other OCR systems. oLMOCR 2 achieves state-of-the-art performance
while maintaining full) open data, model and code. Open-source llce]nes ! Apache 2.0, ll\IIT open licenses with
usage restrictions: OpenRAIL -M, *AGPL v3; "license not specified; °APT access only after accepting ToS. Results
are fully reproduced by ourselves, except those marked with * which are reported by their authors.
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o LAt EIRF IR : EUFTIEb(ER ot (BIY/AW) BTiFARMESHIT RLVR J)Ii4,
BT IEANRIEES. X5 AR ERibTE OCR MHBANE MM, THEMEZMTR. 8
NI ES R IE5AT.

o T RIVSAHEIRSIIREMTRRE: TR T — 1 BEaURiE, SEISESCHAIA (40 PDF) iBERATHETEH

BBRY HTML, FNFBEHRECKERSRTTUHAA. XpIIf#R T RL il

BRE. HiR

SEUERAIMER,

® TRRIEEESREFFA: olmOCR 2 £ olmOCR-Bench & HIAZITTRAKFE, HEFIIRE 14.2 SHE
Z1ETt. FiY, TR Demo FeaHMAIRN, HiRE, RiSfiEuBIESRiFRTa M Rfm, 81
HeERD T H X AYEAS.

tEKhERE
Paper: https://arxiv.org/abs/2510.19817

Github: https://github.com/allenai/olmocr

Demo: https://olmocr.allenai.org/

Model: https://huggingface.co/allenai/olmOCR-2-7B-1025
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Discovering state-of-the-art reinforcement learning algorithms
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Discovering state-of-the-art reinforcement
learning algorithms
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AXNAT IR ERIMEH. SHERLES (RL) FZERITE. RAREEMRR—MKEIFEN
ek SaBEEHACERIIEINGIRRE, ATERMESEERBTAZFLRIIFEIMNN, (FERBINGE
B "7TtFE"  (meta-learning) , IE—PARBEERMEHERESREHAIMERHITRRE, FNENR
ERREPEIH—D RL BFAN, %5589 02—ME RL SRS "JT4g”  (meta-network)
EATIRNMERSERRBEESHS, MEFINEEARIRIBI—EIRAIR. THREEXFNEEE
PREHTEIFR. TTMEINSEBE TTHEEHITIN, UKW ERATTEIRIRN. RERAMNEE,
73 DiscoRL, MNBEMEHAI & "B2" (bootstrapping) XHFHIEAR RL #i&, EARH TIRFAY.
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HERERE

o T RAMKRENRNEIMER: 252NN XBETRNLE: —MEREDRERTEH— 80T
FEATHE, H "TRE" BEFIBEHERKEN RL #IN, XL NEEES SR MRS
EENEA. B, ZITEEANIR, SHEESHRABEME (W0 Atari, ProcGen, DMLab) i

TITFE,
X FERM— 1 EREERIMNEXEE,

o B FRERAOTGE WHREARYZILEES : X DiscoRL IDHTREE, BES T HITSERNERSADHIH
AT, XL ATAIFOURS TARRAIR S (ABRESEERERIREIEN) BERREAY

o

BE.

EXREENR, XMHRMATHINRNEEHAGZIEED, EERIIREFIRIITAIBESMEEE (40

ProcGen) EtEVSTTRMEE, AR Y HEEMFS 2RISR,
tachsE

Paper: https://www.nature.com/articles/s41586-025-09761-x

Github: https://github.com/google-deepmind/disco rl
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Tongyi DeepResearch Technical Report
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Tongyi DeepResearch Technical Report
Tongyi DeepResearch Team™
Tongyi Lab N , Alibaba Group
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o BIERYIREIREREMIIGB: Tongyi DeepResearch 12H T —FhEHAT)IZESR, & "ERetrhil” F0
"BrerRl" BES. PIMRESARUESEREAVERRMMT/IEEE, NEEENERIVE RN R
8, BIMRUBTaECEIH—ERNEREARED. X—elESEEaEB N AR IR B EEE L
HHEISRNEERRITH, RRMMRR T BAXEERE SR8 IR,

o £Hz)). " BIISMHEIESIZE: EXIEEMW)ISEIERREMELIFR TR, Tongyi DeepResearch i¥
T —EEEMREIRE RS, 1ZIMKEREE AR, SHCEREBBAIKFRIE R
HrEEE, J9)IIFIE) IR ERIRMEERI. EMCRVEEESTS, ROuREE RERBE DT AV DS
g

o SHAYIEEESIRRINR. REGRSHFIRENRY (30B 28, 3.3BELE) , Tongyi DeepResearch
fEE4E Humanity' s Last Exam, BrowseComp. GAIA, FRAMES EERMEZ MURRERTE AN
FITES T SOTA (MLFREAE) AksR, ELMASER 740 OpenAl-03, DeepSeek-V3.1 &R KHIELAGAY,
XFEHUERR T H) IS ELRFNEIRRIBRIE UM, SEIL 7 MR SE=AI5e .

TECHEIR
Paper: https://arxiv.org/abs/2510.24701
Github: https://github.com/Alibaba-NLP/DeepResearch

Model: https://huggingface.co/Alibaba-NLP/Tongyi-DeepResearch-30B-A3B

Blog: https://tongyi-agent.github.io/blog/
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ABRE

P ERiE M Fa) Qwen AHREIHARAFFE Qwen3-VL-30B-A3B, &2 Instruct 1 Thinking FE{MhrA, MoE
I8y, B5%1 308, BLESEL 3B, IAFHE/N, MRERASRT, (NFRNE 30 {224), MREEsE GPT-5-Mini 5
Claude4-Sonnet, 7E£ STEM. fMialE (VQA) . OCR, {STHEME. EHeR (Agent) EFES M MIBR

HE,

EE S

Qwen Chat: https://chat.gwen.ai/?models=qwen3-vI-30b-a3b

Github&Cookbooks: https://github.com/QwenLM/Qwen3-VL/tree/main/cookbooks

API: https://www.alibabacloud.com/help/en/model-studio/models#5540e6e52e1xx

Blog:
https://qwen.ai/blog?id=99f0335c4ad9ff6153e517418d48535ab6d8afef&from=research.latest-advanceme
nts-list

ModelScope: https://modelscope.cn/collections/Qwen3-VL-5c7a94c8cb144b

HuggingFace: https://huggingface.co/collections/Qwen/gqwen3-vi
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OpenAl F&&E K=

HH

2025-10-07

e

Apps in ChatGPT AgentKit Sora 2in the AP
Chat with apps directly in ChatGPT and build therm with the. Build weth our tocikt for production- grade agents.
Apps SDK in preview.

«z=» - -

®©

301

Codex GPT-5 Pro in the API gpt-realtime-mini
Check out pew festures fice 8 Siack i and in the APY for i A smaber volce model that's TO% less expensive than the
antarprist controls in Codes—now gonoraty svallabio. large model.

GEaED - 2 CGEECTTEED

& |

N

gpt-image-1-mini

A smaiber imags generation mods! that's BO% less axpensive
than the large model.
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ABIRE

£ OpenAl DevDay 2025 FFRE A= L, OpenAl ki THENTENERA (Agent) FRFS
AgentKit, SFEXIBEAIINEEREARIEE. BESNK. ZFeBT—ESHIMEREHSTINEZ O
BE: AJH{LAY Agent Builder, IFFFAEBSIERASNRITSERATIERAEETFR Guardrails &2
1P1=; EEHRY Connector Registry, FAFR—EEHIERSTEER:; LUK Chatkit TEEH, aEEHIL
AUBPR & RefR E iR N A s, J9H— U EERE(RRES], OpenAl HEH T3aMA (RFT) Iheg, 7o
REEYEEN TREEBMMHMETNEREIHEIERE, iZI8EERE o4-mini E2EF, H#E GPT-5 £
HAFAN, SIEER, SANEE-RSEEDIIRER: Codex IR LS, HRT LAY Slack &N
Codex SDK; ChatGPT @3 £#HY Apps SDK IFEZEANRAREFIETHRINHENAE; FRHTEMNH
=B API, S3ERTFSCAIRRERY gpt-realtime-mini, [RESIESEY gpt-image-1-mini, FXIEBRY GPT-5
pro, LAKENRIET APl FIAGSTARAEEY Sora 2 (1RELEEMSEHY Sora 2 FIEIFRUSTHY Sora 2 Pro
MRA) . WRRFIERRINES OpenAl RIKIKRE UM REEIIEREAEE— N 2EN. wEHN Al F
RYES, BRI, $iEEE. TeP=2INARRNEETR, IRAMRE TSR Al KA
BReARFRIIME, EEE Al BENEREHEREIZRISES MR,
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o BAME=
BFTRAICSHIESER Ling-1T

HHA

2025-10-09

Model Performance vs. Average Tokens (AIME-25)

80
R Higher Efficiency
Ling-1T
Accuracy: 70.42%
70 G ———
’,.---"'___- Gemini 2.5 Pro (thinking_budget=128)
— Accuracy: 70.10%
-
=
-
s
’ GPT-5 (no tools/without thinking)

§ 60 @ Accuracy: 59.43%
= / ;
- DespSeek-V3.1-Terminus (NenThinking)
g / & Accuracy: 55.21%
5 /
g
- Kimi-K2-Instruct-0905

50 / Accuracy: 50.16%

/ 1
y
4
//
40 //
Claude-4.1-0pus-2508 (w/o extended thinking)
Accuracy: 37.55%
/
v
//
30V, , : : ; ;
1000 2000 3000 4000 5000 6000

Average Tokens
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ABIRE
IEIEERIER R HITR 7 DS 8RBRES ARE Ling-1T, ZERETHBHIIE Mok

(Mixture of Experts) 2813, EfEi@id "IARIEH0H" SCHHRBHIER D SEITEMERNFEE, S5 7B XiE
BIISRIFAR B 5 W IGERKNERE. Ling-1T 2. MFSSHEESEASTRIzRY, B
AT EEBARIEIREMR. Agent 18, SESHEUR TEEMARSH, FENMYALRIEIAN, FeemiTamIg
ER (BRIEER. SUREDN) RPTERVIISLHFTS. ESTIEANRLF, Ling-1TRFTIER: &
YRIZHEIE LiveCodeBench BN ERE, FEEAEFNIE Omni-Math 5 UGMathBench E19588 74 435 1
KIRIERfRAERE, H C-Eval 184374 92.19, MMLU-Pro 1845 82.04, ZIEHRT5ETF DeepSeek, Kimi ZigEY,
£ AIME-25 #iZF SRS, Ling-1T LA 70.42%09EH2RS Gemini-2.5-Pro H3IES, (BEEEERRI
(token iE#E) T8, BN TESHUEIENE, RE Ling-1T EZIESHENME, BEZMBETF "X
SHES+/NSEEGE" WNEEER, ARERIZRESE, BEFRHEETEEL 50B 241, MMELRHIE
BENHERHES T BT, MY, AELhRERESS (AREERL) |, HRJsEHINIhEEY bug, FEBITE
RARIRFFEEME., X—RREETIDNAESNRE. 20 IEseh LS ImelH: 85, BB Al Data
System M 40T+iERIPIZIGL 20T+ SHEERELHYE, FOR, RE=MEASHL)IGIEE, FHESBEMN WSM
AERS LPO (ESHITERISNN) BUFIHE, FRAEFIEEMIHUCIZEART, &, HRE4EFPSIR
BREEGFANRIZS =) R TERE. Ling-1T BIETE Hugging Face FFFR, FHEMHIEL
NS, 1OERERIRFAL 7 ATorch HEZRFISBICE I TEE, SHEMEEFREMHNEVNSSI M, HEE
. HWEHAIEINEAT Al EE BONXE—S, TENTE. BErEasiiinl, FRIGEBEER
BESWERITAIREES, INET Al N EERFIMENA, REERELL AlHRBITISZO— T RE.

EE S

ModelScope:
https://modelscope.cn/models/inclusionAl/Ling-1Thttps://modelscope.cn/models/inclusionAl/Ling-1T

GitHub: https://github.com/inclusionAl/Ling-V2
HuggingFace: https://huggingface.co/inclusionAl/Ling-1T
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Figure 03 1RK&E1

HHA

2025-10-09

Figure ARIIER & T E TN —AFANEEA Figure 03, SEHFSERESARIHUELATR. 1ZH2EAH
HEMHIMREAES-aMFEEE (VLA) Helix 3Rz, EHEEBAESRESTIMETEBE SAKEHREEFIM
HATESS. Figure 03 TERE( ESCIL T EEASEHK: HEm AR RIISIRET—E, WEFHEENSZ—,
FHTRT 60%89NEF, RRNESRFEOERTT HREGEL, MIBUESRETRITENRTERIR, FEHRSE
SR T BRRYKER, HEEFRAIMITERERIERARE 3 miVESD, BLARREIER E—EAATHIEE, MM
SSHURERSEMAMERSEMIRE, NENREMBWIAE, Figure 03 RAT 2MNRUERWINEINSERE
AR ReM, SNEATIREKE, F305F 2kW BUFRERN . EEERIZ, Figure 03 REFAAHIE
FNEMIRITAINIERA, Figure AIEBISIT BotQ T, HHIENFRRITESTHE. BT 10 Gbps ZKiK
URENERES], B ANIBARESS 1€ TB REFEHTIHERENRTS, HBRRIHEEETENAT 5

(A0zR55. FEf¥) Mmlsas (WNRSEE. BIERia. I YR) | mSEATAR AR, Al 88

MIEFME BB T KE—+.
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o RAMSH

B Veo 3.1 IkEAXES

B
2025-10-15
Designed to empower
creatives and storytellers
RERE

BIRERID T HERFH Al FRAERAREL Veo 3.1, IZIBETE Veo 3 UERE L, OSSR T IRESR T
BIMAEREE, T TXE, MEERNRLES, FAEERA TIRNDBEENRBER, Veo 3.1 55
SEERTIREN RE "RIERAUR" . "EWAR" R TR FONA, FRITRPBENA. BikaEik
SEER (BRZ=K) ENTEERREDSIN, ZIRESIRFER 720p 8 1080p H##ER. 24fps A9SA, &
MEK 4 = 870, BE "R THEERRERE 148 #), FHEEHHIRIER A ERRSRI—IMAIFiE TS —Eut. EiT,
BIIANTBERWEHEE. HRERLKR BN 1 "B SEGEHAREEHEE, 188 7SI RIN—
., Veo 3.1 BEIET Al BEZ8I/ETE Flow. Gemini API#] Vertex Al SE&1R4E, BIRLTFFRSMER, B3R

Y SRIFIEINREEARAE APl AR, HEMEXNSRIN—E, & Gemini API fUJZERFPIRM, REE
BT 0.40 57T, WRIEEELERD 0.15 55T, BRREER. WXEFTHNASIE Al PBRGUHEIR OpenAl
Sora (UEELE, BIISEMSIIN—ALER, EEBUEVERS (WEH. H)IRBR) NeWeRE, R
[EHRBIVERR, r&E Al MBRERLAESLA. EEEHNNA G,

I A 75



o AT
BEEFHE PaddleOCR-VL

HHA

BB PaddleOCR-VL MinerU2.5 MonkeyOCR-pro-38 dots.ocr 0 Gemini-2.5 Pro Qwen2.5-VL-728 o ] i
B PP-StructureV3 Nanonets-OCR-s MinerU2-VLM InternVL3.5 olmOCR POINTS-Reader OmaiDockench vis <= i =" OmniDochench vL0
|
Mistral OCR MinerU2-pipeline W0 GPT-4o0 OCRFlux Dolphin 1
100
£33 Overall
Be s0.7 m + S @ 90
P N/ 2.2 P
90 = cesdie e ﬁf"”@"”"},’_g’”"t"”’?"’f"" ﬁ"’u ””””””””””””””””””””””””””””””
| = 87.0 o & .
85.7 857 = 8.7 856 856 (9 D) P
828
824 e 82.7
80
762
711
70
= L 5 8 o epo 8 s s W
OCR iner0? pre” ot 25" N ut $OCR°
adie i i yﬂ*“"‘ 0".,\1.5' pP-5"“d “ol\"“‘ wine!
100 —
P
898904 S igg g HTHT 35 u +
27920 914 605 903915
80
b
60 . =L
Table TEDS

Reading Order Score

Text Score

AERE

BEFIR 0.9B S#HY1=ES PaddleOCR-VL, Fl#E OmniBenchDoc 2%, M4aeiEinBaHIESE—, €M
Bk GPT-40.Gemini-2.5Pro LAK MinerU2.5, dots.ocr ERISGEHEEL, HEIREER MinerU2.5 127 14.2%,
& dots.ocr #&F 253.01%, ZHF 109 MiE=RAI, BEPN. ®iE. AL BB #iE. WhYmE. it
FEEFLEMDR, KIERA T REAESIES ]ETPRIRBI RS

EESHE

FiARIR: https://arxiv.org/abs/2510.14528
GitHub: https://github.com/PaddlePaddle/PaddleOCR
Models & Demo: https://huggingface.co/PaddlePaddle
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o BAMMEL
IROS ElsR: 1EELIRA) SHURIRAATIRIT

HER
2025-10-20
R e e s o .ﬁ
g £ 8 2 8
ASIRE

EREIUNESDH0 IROS TREF ARSI S, EFANBARRESN T SFESHE, TR TEREHREN
N OMTARIFR, AT EEINEES TR, THORETHISAER TR BEIR SRR
MRS SEE. EXMNE—MRE. WEHNE. FEESSSAERFING, SERFNBALRENS
Bz,

ERLGEH, LETER0 SRR (I, BOSRNESHIEERER, RS
SREERAIN, {0388, WHRE IR, BEEREE, (BN Al RESEIEH—BEERS. FRRY 4
W+ A, SAYERESHIER, FHYE ‘TN EANEFHRRS. AR, EHZEN
NI B[R KRR, SCEMRATISEES—. (TSRS AR, ERTIRR=ER, TRMTHE
A "EIME, FHESEYSR. ST, HIBAREIE I RESHNEN, TR SRR
Aneh, HRERITAUERY, FRIRCEEEMR, FELL "FRREEE" A “Bitter lesson” RESIREEM,
(ERATECSHIRES. WRR AR &7 |, B 'R . HENR "8 . HiER W, T

EREE—,

FREEHHE, XEEREVBARKE, IFHEERBERIFSTONFERENEA, EXURE AGIHER
BRI, &a, TREMFRAEIER, REVRAR.
P St

Blog: https://mp.weixin.qg.com/s/bT7AX63graefS LUT1rgJw
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ABIEE
EIRIEBIREIEE S OpenAl, Google, Anthropic 1 DeepSeek £ "fcBEFEIZ" HEERA LTRFEZIR

F, FER R RIESDEE CCBEMSESEE, (BREEENNR "RIRITE" PR

RERHFEERIGE: Al TUINERRE R AR EIME, Genie 3 71 Dreamer 4 ER S /IESE )|
SR T ERE,

FFESIERBAMREM: PE Qwen, Kimi SHREEIREHLHEREFKESE, OpenAl thit 2025 5F
EVRRFFRIREL, (ETRRMRENHAREEES,

Al BEARIERK(E: DeepMind "HERIFR" RECHELVIAATEUSSM, Alphakvolve &I T RERESRIEHT
8%, Al IEfEE R SRR,

AN TG{ZEToRM : MR E R AZSRI, Stargate TIERASIX 5000 1Z555T; Al ATIRNIEIED
1K, ITHBESE SaaS.

REXESHDER: HiESRN 4 Hi25ET, BERE—RE—BREIR GPU BIAES, NESHEN.
BETRRL ORI SEESURH OB IR OMHA 68GW, XAEMERERRNHEE, SEREMER SRR
Al T SRR PRSI,

HhEEGAINE Al 5BF: SEHET "SE Al {Ta0tk)" | PEMESIFHARE 2K #0, BilEE
WELlFEE, BEERUBERITIE "EN A" Fil,

REWBFEE: Al WEBERENE 5 MNEEME, LRERUEMSNEZEINF, E/NReBRTERE,
RE "EXSTE [WEOE, BRI,

FREBEEXE: MUSFEPELRE=EEREREGEE. Al RRIMENES I KERZEAHe. FHRE]
B, BRHOEE N ImIERE, LR Al EEE. S SRFRIEE R A,

FEiRHEE: https://www.stateof.ai/

PPT:
https://docs.google.com/presentation/d/1xiLIOVdrINMAei8pmaX40jlOfej6lhvZbOIK7Z6C-Go/edit?slide=id.g3
76435918bd 0 54#slide=id.g376435918bd 0 54
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S MIBMAKESEREH, HATRAITERFRENERRAEY

RINR AR R AR AT AL T 2014 6 A, (EABEFRLERE “/NEN” A, HALL “iLAIRBONISE” Jfiidr,
TR T N LR BRI AR B R KB 2 B - ) A S .

AFRERERGEE . YR, ZSEREARERSERE AL O, BEHZHTRHERE . FT 0O GRYID 210
REK, B TSR BFEEEMAR, HS5RIIRZELE “ N LRSI .07, HEZ) Al TRER K EGIE 58 AR R,
.

AT, SRR AT B ERRIE. Dbkl A RS 2 TR AR R T 2. MK D2 E, Badh
VBRI AL R ALETIBG TR RS0, F AR A KK ST T Al BE5R 535000 AN VR A28 23 [ @ A B ) SCHE e R EE Tt
G, PSR RERSAR M E SRR 1 A BERE E TR AL 51, BRAERIRE DA R B3 EH  SH R AT

TEWMFHENY, /D (https://www.niuxuezhang.cn/video-enhancer.html) « HitPaw Z5ifg Py AM 0142 S ki, DL« —8E = AL F1 5 A
B O, NAERRE LIRSS . R A EOSEFAURS . B, FANESCRR 4K 8K B ENB I E R, #BKE
F P A SE B AR SIS HitPaw Edimakor SBIT AL TE & G . 215 SN BIRESIIEE, 1k ABRGIEZR BRI CIEIES NE
G R

X RN G, R AT EFEEAL TR BN 5 LG 50% M TRHE AR B, LLE CMMIL 1S056005 25 E FrAU A IE 7R £ 52
BEIOREAZSE JT o SRR, FATEIEILTT . Bk, s S iR S S i E g i 4Bk 200 2/ B ML IX 1) & = IR S5 M 4% . 1A
AR RINTIEERBAA S, WARAZ L “HARTR” NS, FREHRE AGC+ ™ LN FH L 7t .

Rk, WAEBECEINE IR S A ST A, LB ABRERE BRI EREAIE, TFREBET B ORE R,
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