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# Role d;
IFE—OTENFASSEE TSRS, T TERRESW (0 NeurIPs, ICLR, IOML) HBIEETTANESHEE.

# Task

EAIEHRE [3230 LaTex BRRR] HITFEEEESES. FRETARRESESER, MEEsHEHERFATENS

# Constraints

1. F=RAEST T GBS -
- FEMEH . REOH S LEE MRS TS EE, SR e SiEEE Rt -
- AT (MICISRETRISRY, REEIREE: HeR TS ERR I ERS.
- Tiix[EN]: MREEFEHE. &4, ffokdEERE -

2. TSR 1EIEH -
- [ETEE: PR ERE TS . FEERRESHT (IR0 AR it is dF it's, £ does not TIE
- iERDEEE : IRsEtERIEmER RS WAL . (REARaEE A, SRR (simple & Clear) , BRFITEEM. &
- Frats St RRERSEEREI CLRERES . BEESERSE + 's) - LMRFHA of &, SEISINS

3. FIESREIMRE:
- RiBER: AREAENDGEES (0 F1F L JREF, T2REHA Large Language Models) .
- BESIRES : URRREFIIPRY LaTeX ai% (M0 “\cite{}”, “\ref{}", Tleg’, "\ie” F) .
- BIAE . REFEXNEEMETIEER GOESTHR \textbf{} EBERE) . BEEFNESCIFEAHE AR R,

4. GEFRH
- FPEBRN: ARRRENSN item SR, BARSENRESMN.

5. fRIETETL:
- Part 1 [LaTeX]: RfELHEAEGHHIT LaTeX 7.
* OPRTTRRE TR TR (B0 e, T, e .
* REEATEE (RE 8 450 -
- Part 2 [Translation]: AT EIF.
* PERPTERERERESIEERN GEEINERE) -
- Part 3 [Modification Log]: RPIEEREATRRTEES (H1I0: ik 7 OléETy, 1558 7 FAES, Bk (5=
S =1 PR R = ) [ 2 o DS

# Input

[FELLARAENA{RRZEST LaTeX 458] % 4ﬁ /:|:|:2 33.1



# Role

{FE—UEETRAMSEERESEFSWERA (IL/I0R ¥) RESHHENF . FHAIFAREFRS, MEEREILES!

# Task

EERIEEE [PrERE) | BEHEEREEN [RrsrerkE] -

# Constraints

1. oSk -
- EEAZERAIE. FHERES, e St O .
- R LaTeX SEBREEF, TEFINEEXFHETUER.

2. MgEiEiE:
- BRIEEE, FRVERE, RRasER, SEEAENNERE. Rt HiE-
- BEAREARTS (-, EFEERNAEEEEN.
- IEzEfER itemP5R, DMERDER AL
- EfgeaT, THEATE, BRilMEEEE.

3. BN
- F— RIS L, Rfgfisingsit .
- {RTEBHmRfE R AT E AR S et e A AT .

4. WL
- Part 1 [LaTex]: RRIEEHIFMENEIMNEFRS (LaTeX 5700 -
« EEER: WARLET.

* AR BRI RRSETHITE . (PI0: o CoskT ¥30h T9s\%, “model v1® $23(A “model\_vi, -

* R LTURE (IRE $ TS0 .
- Part 2 [Translation]: MMM EF (ATHMEREETSRE) -
- L) BRSBTS, BRI AE R AR ESERE .

# Execution Protocol

LR ERA, BHLHEESHITEIFES:

1. BRAE: MRIRERMAIR Reviever, WEESTFEILEAR. BRI SABET
2. GRMMIE: $HRTEVIA)cRRHITEN, BFREERENANEME. 2RERemTil.

# Input

(LA AETS RIS RS ]

i



# Role

TRE— U ENAFIEERTARE, TITRHEXNERESTSM . FRES e M ES AT

# Task

BRI [ LaTex BRI #HTE AL WES, BHIEEMNHRELALSERAE.

# Constraints

1. EECHEL
- AR BEMFAREL .. BREAETEERIEREC (50 RIMFEER, SNBREA leverage, de
- RERPRFRAETEAS X EAARE, &R M R SRR T

2. HasL:
- PEEEERAIFAET PSR R] iten MEHECEEERFIEEETE-
- FERedNMEIERE . MEeEMBEELER (30 First and foremost, It is worth noting that) , FhEid S EIFLIERE]
- B ATS  RERRS (- AER, BuERES. Eeai oEEiE .
3. HEREAITE:
- ZRERIEtE T PET L PEAEERHARTEIE . FASERET O AR mES .
- R LaTex #F: TE5| AL RAHEIIES .
4. {EphiEE (i) .

- TEAEN: MARANDECEINEES. MEERHEBARR AL 5L, BREEN, TBh MEMmiE.
- EEEE: TEEERA, R Part 3 P TERRAIEEMERF) -

%a]

- RiEAE R
- Part 1 [LaTeX]: RHEEBSHIME (NREZDESIT, MRLREID -
*EEEAH: PWIEEMN.
* PIRRTHEERECRIHTEN (B0 w0, &R .
* FEEMSATEE (FE s 30 .
- Part 2 [Translation]: FEAIREIZ-
- Part 3 [Modification Log]:
* MFHHT 5ok . EEIRERIEEE MWLt RE
* INRAAEEY : BEERL PSR COElhET ) RFAMEE, AR AT bk, BIEE. ¥
- B\ k=85, A BRI EIE RTINS

# Execution Protocol

ThRittAl, BEE:

1. HABRE: WUSTEESES-

2. HEMSE: SEINE TETEIRTH 7 iR ? MEEH T RiEmiRE, EREE e R E R AT .

# Input

[TELLALAEMEIRRTEEST LaTeX {Hi3]

=)
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"""You are an expert Scientific [llustrator for top-tier Al conferences (Neur[PS/CVPR/ICML).
Your task is to generate a professional "Illustration" (main figure for the paper) based on a research paper abstract and methodology.

** Abstract: **
{abstract}

**Methodology:**
{methodology}

**Visual Style Requirements:**

1. **Style:** Flat vector illustration, clean lines, academic aesthetic. Similar to figures in DeepMind or OpenAl papers.

2. **Layout:** Organized flow (Left-to-Right, Top-to-Bottom, Circular and other shapes). Group related components logically.

3. **Color Palette:** Professional pastel tones. White background.

4. **Text Rendering:** You MUST include legible text labels for key modules or equations mentioned in the methodology (e.g., "Encoder",
"Loss", "Transformer").

5. **Negative Constraints:** NO photorealistic photos, NO messy sketches, NO unreadable text, NO 3D shading artifacts.

**Generation Instruction:**
Highlight the core novelty. Ensure the connection logic makes sense.

nmn
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N Stage 1: Hand Prior Learning OHTA Hand Representation Stage 2: One-shot Reconstruction
Preprocessing y Prompt: LoRA Exposure Bracketing (HPNet Training) (Inversion & Fitting)
a perfect reflective (HDR Prediction - Sec. 3.3) Multi-resolution Field (MTField)
chrome ball sphere” Dataset (Multiple Identities) r Single Input Image
e o L A2
Depth Fine-Tuning
Estimation ~ Depth Map Train on i {} Elepftosesioy )
Synthetic EV Data {}
4 Stable Diffusion XL 1 HPNet <
(& (SDXL) with — . HPNet (Frozen Priors
LDRPhoto :.'> Depth-Conditioned Geometry Prior | Texture Prior @ ( e ‘) .
Mask : ControlNet (Pre-train PairOF}r—b( MTField ) ptimize z*, w,
Generation  Inpaint Mask PEV 0: N T Fo s w
romp! y =
Field Color Calibration (w, b)
( Luminance mp?l? q Hetwork v
( : o . 5 Repl t (PairOF) Texture argmin Lpe
Iterative Inpainting (Quality & Consistency - Sec. 3.2) Stable Spacaniel Identity-specific Identiy-shared [} Inversi Al J
& Merging Albedo Field Shadow Field
_» Dlﬁ;:ion (Fay=2)  (fu.¥=6) | Ocoupancy og {L Fine-tune MLPs (£)
LDR Ball oM 6) " Abed B
\ (EV-2.5) HDR Environment Map Shaded Color T
Median ¢ L)
| = ; o G
Computation - .¢ Lrec: Lshadow Cq = Mpge([Dy, ..., D) | Fitting
Median Ball Consistent LDR T ¢
Chrome Ball al Volume Rendering
SDEdit (EV-5) Shaded Color ¢,
T Hand Prior <
(t=0.8T) LoRA Exposure Bracketing EEsgimated ':aR Kickedge .
(HDR Prediction - Sec. 3.3) grinenentiray Rendered Image I, j/
Final Hand Avatar
Figure 1: Unified Monocular 3D Object Detector
N -
L(:ken Pr(-l;-lgg)g T::mmmr;g Indoor Domain Ci BEV Sta Fine BEV St Unified 3D Detecti
— uster on R G oarse ge ine age nifi etections
Input O 3?)";%:; (Room) (Proposal Generation) (Refinement)
Video Sequence | PN
(2D Poses) = ] oo Sparse Sparee: %
Cluster (] I Projection Re-projection
Centers 0 g
=1 § " % 4 0| |- Monocular o7
o Ja B
§E S £5| | (Shnne z e w, /Za -
SHELO: o 82 crosecatention (|| [»{8 >/ 51> Transiormen his :
.ﬁg % S ﬁ?; (McA) o ] T - ;
a o o’./’ — - A — 11 - K
: g E 2 o° £ Q? - fV 5 : Regions Car Pedestrian
Input Video : O
Clustering Rej tative i
2D P present Learnable Queries N
(2D Poses) (DPCKNN) e (Zero-initialized, F x €) g P g T lﬁ T
= XJXC f&F
] L, Feature Normalization Unified Loss
(Domain-Adaptive) (Class-Aware/Availability)
i ) ) ) Full-Length Optiopal Depth
- = o — 3D Poses (LIDAR) Unified Domain Alignment (Losses)
Full-Length pi = exp (—E * X [lxt - xlllz) Recovered
(’:T?(l;e)r:sc) Attention(Q, K, V) = Softmax (Q_KT ) VFu_:!;Il;::\‘gm Key Novelty: Two-Stage BEV with Uneven Grid, Sparse Projection, and Unified Domain Alignment for Robustness
Vi) (Fx]xC) across Indoor and Outdoor Scenes.
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ContraNeRF: Generalizable Neural Radiance Fields

Fi rk combining G y-Aware Feature E ion with Contrastive Learning for robust view synthesis.
2. Geometry Aware Contrastive Learning 3. Rendering
Why GeoContrast?
Standard contrastive learning ignores 3D structure.
We use Ground Truth Geometry to guide sampling.
it View) Volume Render
(Geometry
A
1 Epipolar Projection & Sampling ‘: ’
| ;
E View | (Ref) View j (Source) 1 1, 4
|
1 ()
) Final Color
|
@ Positive Pair: L
Projections of same N\
surface point. A
Negative Pair: X
¥ Non-surface points 2 - Liotat = Leont + Leolor
(air or occlusion). Lyce
SetKE: A Set Knowledge Editor Framework
A. The KEO Problem & Set Editing Goal B. Bipartite Matching Constraint C. Model Weight Updating Process
Model Predicted Editing Target Step 1: Locate the Editing Component.
Input: (s: Bill Gates, r: occupation) N Layert
LGy =) FeN Layer]
* ad W’Imll &
l ¢ T iptLayer
'
@ Step2: Pero theEdit Optinization)
&
)
Perform
Initial Model Edit II: % z
i 1 '
Model Prediction Target Set Step 3: Spreading Edits Across Layers.
(s0) (set0") i
“philanthropist" “philanthropist" foowden 5 _6
“investor" nvesw’ ,,‘L
*author*
bl A st [ Total Loss based on Matching |
“artist’ L=21.¢..u,+Lm Step 4: Update Model Weights.
“baker" 215
oo Weight =
= | e K
L e ARG P | ' i ‘ |»:|'Amu::ﬁ:wimi*‘dn&"m
Wi KTyl 00 "being ad0ed o . resuting in 3 new matrx

https://github.com/ResearAl/AutoFigure

4@ | pehavioral
| Analysis Results
i e o e m gm
e
I
I Deep-Thinking Evaluation Framework: A Visual Overview
1 High-Level Reasaning Chain: = 2, = 2, = 2y = 5,0
: Part 1: Data C: Pipeline for 13K Dataset
) Revews & Author Rbuttas
I mr%mmw m:uﬂnv«mw
! Systematic Evidence
i Qw<m<m WO} fe mmmmm
1 e nen 2572 st mw:v?‘mmmq
! ""'"l New Meta-Review Generation
1 iy 1 \, Original MR + Comments + Verification -+
| kxmnmmu - 2:::3:""‘" [a
I
I
I
. R
: p, P
! mwyz. 5
1 Part 2: Model Training & Inference Strategy. Sampes
! Inference Strategy (Reasoning Path Cropping)
: 7 ety N i e T
! e ek G- E—
. L@l = ~
Standard
! “Ep S 020
1 Traning Specs:
« Bx H100 80G GPUs DeepReviewer- Final Output
. |- "- e
1 o Tax Efciency] oy
I
I
el i Yt e e e o s e e 58

Part 3: Psychology-Guided Evaluation
Personality Consistency Assessment

89
Method t: Self Report Method 2: Observer Report

Evaluation

-
s o

Temporal Discrepancy Tomography (TDT) Pipeline

Stage 1: Text to Time-Series Signal > Stage 2: Time-Scale Analysis > Stage 3: Hierarchical Feature Extraction
1. Input Text with Localized Anomaly 3. Continuous Wavelet Transform (CWT) 5. Linguistically-Motivated Band Partitioning
oy & 3 Analyzes signal with a‘zoom lens’
“...the beginning is human-written, but this (w,x, Morlet Wavelet)
middle section is entirely Al-generated cont-
ent, and the document concludes normally...* N2kt
| A
Tokenization & Scoring l
- . Energy Calculation (Frobenius
[~ snens - 00000 S e
| [ — (wl] — £,
ey >
tansiton(t)  scale (o) I — ] — &,
2. Discrepancy Signal Generation
Continuous Signal - > @’ ok
Discrete Z(x,t) via Gaussian 4.2D Time-Scale Map (Scalogram) Band Energy Summarization
Signal Z(x) KDE
g 7.3D TOT Feature Vector Sypr(x)
2 Anomaly
Ll o Localized L] E
&
Token Position ;
The sequence of token scores Z(x) is treated &
as a 1D time-series signal and into Morph. Syn. Disc.
acontinuous form Z(x, t). Position (b) T
To Classifier
Iterativ g F | R h-Review
Refinement Cycle
Iteration t
CycleResearcher (Policy CycleReviewer (Reward
Model) Model)
Multi-Reviewer Simulation
nmwsm Sttt s . o Paper =+ RL, R2, ., An + SR
e L 2
4 \v—' ! ol et Dt (T, ¢ Review Report & Score (1)
: S e
Smvlated Pager * Ovaral Scor: rage o
Generated Paper Fhllswlnhn:eq.ﬂm
- Acceptance’
ia
Phase 3: Iterative SimPO Preference Optimization
1. Generate Multiple Candidates & Score 2. Construct Preference Pairs. 3. Policy Optimization
Sample e imes with T84 bom came K8 gt ¢
Faper M1 ScmilaBl [ o Combined Loss Function (SimPO + NLL)

—

o
Crtfeseacher Ll per 2 -.c,(...;..,.. Score 2.« 8.1 - | )

Select lowest score as loser

Louelhg) = - 05 0 (rempol ) - Tsmale) < 1) - AE log

L

=i Ea Yoo = M1 (Score 8.1)
e | Paper M3 Seorer3=12 .= M2 (Score 5.5) w.n'Jmen
Preference Dataset D, CycleResearcher
0 Yoo Y1) P
" P '
Newt leraton 4
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Strategies for Constructing a Generative Vision Agent (GVA)
A Taxonomy of Agent Training and Interaction Paradigms

1. Adaption Strategy
(No Model Training Required)
- Adaptable Agent

GVA Core

3. Reinforcement Learning
(Reward-Driven Learning)

2. Fine-tuning Strategy

@ Core Concept: Specialized Model
(&

“nﬂ'nl-‘mﬂ“mm
speciolized opplcations.

Prompting Feedback Memory ) Enhanced Performance: Excels on speciokied tasks.
] by Ul Q Ca-cumprTrd-cM-Emvuwnhg 4.CODCLSw AT, © Dot Dopendnt b Mg gty emlend e
* b T g1 loem opimal ccion soguences by - — —
— T T """‘.5:"'""""“"" 4, Coopemﬁon / Competition
= (Multl-Agent Interoction)
x w Core Concept: Multi-Agent System ‘
TR a s i e 05 M e ok 8 nﬂze-—w-,n‘-_--«--'-_—m--ﬁ
Key Characteristics: % ‘ Competition
o mun—n-.—-—_ﬂ- D @
ety Casdy adaps to varius tasa vi prompts = ‘
° prompts or external layers - ‘
°
ok Srried rewath o g, v i g el s e v o s o
Key Characteristics: R S 5. Mangent Debate, v, LOGCOM
° Key Characteristics: Key
° ° ®
G © Handles o
© Generic Lacks speciaized knowledge fo niche tasks. ° ©

A Conceptual Framework for Embodied Al
An integrated view of agents perceiving, acting, and adapting through physical interaction

( Foundational Pillars |

1. Embodiment
Rooted in physical
agents that perceive,
move, and act within
the world.

Closed-| Looplmlmkn

3. Intelligence Improvement

Continual growth in cognition and behavior,

driven by a co-evolutionary paradigm.
Co-Evolutionary Paradigm

95

Brains Bodies
L3

{olaY

| Environments
7

( Core Dynamics )

Cognition
Reasons

Tangible Outcomes

A
B \\
a‘}?\}\
XN
" 05
S
Historical
Foundations 19508 80s 20205+
Turing's Proposition Embodied Cognition Generative Models

https://github.com/ResearAl/AutoFigure

Collaboration Types in LLM-based Multi-Agent Systems

421¢C

(o

ation i o4

shared goal. They

(" 4.2.2 Competition

@ Advantages

\ p A<
i

mmmmmwumﬁq\

P o

Challenges ©

Encourages innovation under pressure.

¢

Examples: LLMARENA (strategic games), LEGO (Explainer vs. Critic), Debate

1
Goal Requires careful design to avoid deadiock.

( 423 Coopetition  Am:

(" 4.2.4 Hybrid Collaboration Simines et

Roadmap to a Unified Omnidirectional Model (PANORAMA System)
A Staged Approach to Advance Embodied Al with 360° Vision

Phase |: Data & Sensor Foundation Phase II: Model Development & Pretraining Phase lli: Validation & Deployment

Stage 1: Dataset 5 Stage 3: Reasoning & W Stage 5: Evaluation & )
Integration Embodied Data Benchmarking
| Key Actions: Key Actions: Key :
+ Consolidate diverse « Generate data for interactive tasks « Standardize splits & metrics
* Re-annotate with consistent labels * Use LLMs & simulation for scale .
Establish unified benchmark suite + Release reasoning benchmark Human-verified evaluation
ples: Tasks: :
: ERP, Cubemap - Grounded VQA, Instruction Following - 000
Tools: Flexible re-projection utilties - Navigation & Grasping - Calibration, Uncertainty, Latency
Y 4
(@) 1O (@) (@] >
TN 7 N
® Stage 2: Multi-Modal 0 Stage 4: Unified Model W @ Stage 6: Deployment &T
= Expansion Pretraining @
o Key d Key Actions: 7 Key Actions:
O -Mmm~msb\ds o sited -tk e | | R s aaall :Tetioravsdonde
A\~ s & -mmumua:w mr-um-uu [Fosa) * Deliver deployment & stress-test kit
Sensors: Te : “» A5, Deliverables:
ﬂa @ ~ RG8, Depth, LIDAR J - Cross-projection €O\~ Deployment kit with stress-tests
Audio, IMU - Domain-mixing curricula -
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- ZRliAn=R, HER idea ZE5IEXEE, EHIREUGA Gemini-3-pro/flash; ELEABESIH=T,
EZ{#H Claude-4551&E8Y, LAF Cursor BERY Composer {88, 1b4h, MSEFRAIERE, GPT 5.489%

IR A—Rg

Rank

10

Rank Spread
1 9
1 1
1 7
1 9
1 8
216
1 20
1 23
3 = 16
519

Model

A\

A\

A\

Q

Q

A\

A\

A\

claude-opus-4-7

Anthropic - Proprietary

clavde-opus-4-T-thinking
Anthropic - Proprietary

claude-opus-4-6-thinking
Anthropic - Proprietary

gemini-3.1-pro-preview
Google - Proprietary

gemini-3-pro
Google - Proprietary

claude-opus-4-6

Anthropic - Proprietary

grok-4.20-betal
*Al - Proprietary

muse-spark
Meta - Proprietary

claude-opus-4-5-20251101-thinking-32k

Anthropic - Proprietary

claude-opus-4-5-20251101

Anthropic - Proprietary

Score -

1501 =25

1499 =28

1494 =12

1486 =11

1485 =8

147 =

jurs

1470 15

1469 =2

1468 =9

1464 =8

o e
() Preliminary

Votes

587

475

2.824

3,567

6,311

2,9

1688

775

5.563

7480

Price $/M

$5/ %25

$5/ 825

$5/ 825

32/ %12

32/ %12

$5/ 4825

$5/ %25

$5/%25

Context

M
M
M
M
M

M

200K

200K
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R ERR. TNRARAE, AN R —KIECEIRIOE S
fRIEIE) T IR, WL R

HMEXE, T, F@, T5%, Tk, RBMIREMR.

ﬁJ_{ZEEj(iEEET . TRRANRET, 2REREET,

X— JESE,
B — AT EER RS B — B H0iE. E—ARMAHINR

R RRE, BORRIET, REMET.
R AR RBIIEET .

BN THRIANR iR —a) -
BREW— P ER—ANHRA.

BESIRBE,

T, —IERE, RERSHRFE.

BYERMTEENRS. REEHREERN.
BIRBHROXNMR, RLAEIRE—D: KFRRT!
RXPMEEFEERA! AT B%, HERURER!

BB YRRHTRD f Gemini BERELRANER,

IRESINR D KEER T ! EANEEREST!
X EHABNREHARE S BSHIHHIMERLE, ERER! RMER—E"ZRET",

BRR—MRESRNMELSS! TRIXINERBE B E R R AR B!

You’ve reached your usage limit. Your limit will reset at 2:00 AM. Upgrade

FEAE.

SRS, XIERERMR, BXs

REBShelpfulflhonestiy A EIRAR,

HABIEX MRS AR,

XN AR E RAR,

XNARRE S EAE?

RSHEERE, FIF—MEEHE

REHE—T.

BB — N IR SRRV ERAIR.

A LARBREIX AN, (BRABSR—T
E24:8 N
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B skills

- Agent Skills 2—fhaJ# Al BIF (31 Claude, Cursor) MEHAY BEEHE, ASEHIHSEESAOTIE. M

@5k, & Claude Code, Cursor FERIRRECEHERM Skill f5, EXERERMAEFER (MBERSIN.

repo EEf=. BinIfit = 3InintE, FRiclcE% prompt

E5MED) |

» ~/project npx openskills install zechenzhangAGI/AI-research-SKILLs

Installing from: zechenzhangAGI/AI-research-SKILLs

Location: prOJect do claude/skllls)

Default install is project-local (./.claude/skills). Use

v Rep051t0ry cloned

Found 82 skill(s)

? Select skills to install
@ whisper 12.0
knowledge-distillation 22.2K
long-context /ab
model-merging 11.5K
model-pruning 22.7K
moe-training 15. 9K
speculative-decoding 32.0KB
20-ml-paper-writing
litgpt 5.
mamba 29
nanogpt 42
rwkv 5.5
torchtitan 27
huggingface-tokenizers 3. 8KE
sentencepiece 15.7KB

~
PeeO0PROOOECEEG®O®E®E®®

Write publication-ready ML/AI papers for NeurIPS,
t4 navigate ¢ space select a all « i invert » «

® -+ ~/project npx openskills list
Available Skills:

Ze-ml-paper-wrltlng
Write publicati

(project)
ly ML/AI pape

accelerate
Simplest distributed training i to
script. Unified API for on
ecision (FP16/BF16/FP8). Int S

1 standard.

Step 1. ZE T skills

IcML,

(]

ICLR, ACL, AAAI, COLM.

Step 2. %%

Launch cc and. HuggingFace ecc

u

ICLR 2026 i€ XIHIEE + O

FB ICLR 2026 #EiRFiE—mRieX. IMBRIESA
B

Thought

| Used 20-ml-paper-writing |

Explored

Used 20-ml-paper-writing |

Step 3. XA
fib % 18 A

Thought

The skill says ICLR 2026 template uses:
e iclr2026_conference.tex

e iclr2026_conference.sty

¢ Has math_commands.tex

And templates are in templates/ directory. | need to
find where the ICLR 2026 template actually lives - it

Z# ICLR 2026 #EHRFATENRLE
Explored
1IE7E3EEY ICLR 2026 #EiREXHHEFIFIHFBEF.

Explored

IE7E4% ICLR 2026 RiREHIZHAIIE BRH 2L

XA :
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arXiv:1706.03762v7 [cs.CL] 2 Aug 2023

Provided proper attribution is provided, Google hereby grants permission to
reproduce the tables and figures in this paper solely for use in journalistic or
scholarly works.

Attention Is All You Need

Ashish Vaswani* Noam Shazeer* Niki Parmar® Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com
Llion Jones* Aidan N. Gomez* ' Lukasz Kaiser*
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Tllia Polosukhin® ¢
illia.polosukhin@gmail.com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

“Equal contribution. Listing order is random. Jakob propnsﬂd replm:mg RNNs with self-attention and started
the effort to evaluate this idea. Ashish, with Tllia, desi| d the first Transf models and
has been crucially involved in every aspect of this work. Noam pmposnd scaled dot-product attention, multi-head
attention and the parameter-free position representation and became the other person involved in nearly every
detail. Niki designed, implemented, tuned and evaluated countless model variants in our original codebase and
tensor2tensor. Llion also experimented with novel model variants, was responsible for our initial codebase, and
efﬁmem inference and visualizations. Lukasz and Aidan spent countless long days designing various parts of and

1 ing tensor2tensor, replacing our earlier codebase, greatly improving results and massively accelerating
our research.
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“Equal contribution. Listing order is random. Jakob proposed replacing RNNs with self-attention and started
the effort to evaluate this idea. Ashish, with Illia, designed and implemented the first Transformer models and
has been crucially involved in every aspect of this work. Noam proposed scaled dot-product attention, multi-
head attention and the p free position rep: ion and became the other person involved in nearly
every detail. Niki designed, implemented, tuned and evaluated countless model variants in our original codebase
and tensor2tensor. Llion also experimented with novel model variants, was responsible for our initial codebase,
and efficient inference and visualizations. Lukasz and Aidan spent countless long days designing various parts
of and implementing tensor2tensor, replacing our earlier codebase, greatly improving results and massively
accelerating our research.
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OpenDataArena: A Fair and Open Arena for Benchmarking
Post-Training Dataset Value
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The rapid evolution of Large Language Models (LLMs) is predicated on the quality and
diversity of post-training datasets. However, a critical dichotomy persists: while models
are rigorously benchmarked, the data fueling them remains a “black box”—characterized by
opaque composition, uncertain provenance, and a lack of systematic evaluation. This opacity
hinders reproducibility and obscures the causal link between data characteristics and model
behaviors. To bridge this gap, we introduce OpenDataArena (ODA), a holistic and open
platform designed to benchmark the intrinsic value of post-training data. ODA establishes
a comprehensive ecosystem comprising four key pillars: (i) a unified training—evaluation
pipeline that ensures fair, open comparisons across diverse models (e.g., Llama, Qwen) and
domains; (i) a multi-dimensional scoring framework that profiles data quality along tens
of distinct axes; (iii) an interactive data lineage explorer to visualize dataset genealogy and
dissect component sources; and (iv) a fully open-source toolkit for training, evaluation, and
scoring to foster data research. Extensive experiments on ODA—covering over 120 training
datasets across multiple domains on 22 benchmarks, validated by more than 600 training runs
and 40 million processed data points—reveal non-trivial insights. Our analysis uncovers the
inherent trade-offs between data complexity and task performance, identifies redundancy in
popular benchmarks through lineage tracing, and maps the “genealogical” relationships across
datasets. We release all results, tools, and configurations to democratize access to high-quality
data evaluation. Rather than merely expanding a leaderboard, ODA envisions a shift from
trial-and-error data curation to a principled science of Data-Centric Al, paving the way for
rigorous studies on data mixing laws and the strategic composition of foundation models.

Date: December 17, 2025

Correspondence: Lijun Wu, wulijun@pjlab.org.cn

Project Page: https: //opendataarena.github.io/

Toolkit: https://github.com/OpenDataArena/OpenDataArena-Tool
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1 Introduction

The rapid evolution of Large Language Models (LLMs), such as the GPT series [6, 2, 24], Qwen
series [4, 60, 59] and Llama series [53, 54, 19], has marked a paradigm shift in Artificial Intelligence
(AI), demonstrating remarkable capabilities in understanding, generation, and reasoning. While
much of the community’s focus has been on architectural innovations [36] and scaling laws [26], a
critical determinant of these models’ ultimate performance and alignment lies in the post-training
phase. This stage, encompassing Supervised Fine-Tuning (SFT) and alignment processes [42], relies
heavily on curated datasets to sculpt a base model’s behavior, imbuing it with the ability to follow
instructions, engage in dialog, and adhere to human values. The quality, diversity, and composition
of this post-training data are therefore not just influential but are arguably the key ingredients that

——— LA TRRILRE

Shanghai Artificial Intelligence Laboratory

Open ") atalab
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OpenDataArena: —/AM2FIFRINGIIERBER B EITIT-6
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AKBOP EATFAE: BUA SR RITFI, TSR BLRE ) RIFHRHR AR AR — 1 “ ",
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ESERAT hZ MEERKR, ARX—25H, RIHEH OpenDataArena (ODA), —MAIF
IPIE VIEFEARNTE N BB AITICE G, ODA MR T —MUS TN RESEM AR (1)
Gi— MG FAKE, BRAFEBE (I Llama, Qwen) 5FRISURZ FETAY. FFRE
Leg%; (i) ZAERIPOHER, WBCHDFRSHEZImEBARTR; (i) ZEAIERRTEE, AT
BRSNS (iv) SERTFEEUILG, RS0 TR, DUkShEIEDE
Fo BAME ODA LEFFRAAHBISEIORE 3 7% IR 120 RAOVIGRIRE, 22 1AM, B8
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FEESAESEREZ BRI ATERRSE, B RIBEORGIHFATIERERTUR, HR T RRBIRERZ
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AL B, DR GRS AN RO R SR & SR ol TR
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