Ik LLM ¥4 : ARfELRR
=AW SRS - Part: researcher

FREBMRER: 2026-05-25 H8E

01 - PEIERERY : accuracy — IRT - X%
eval

1.1 At ARTR LR

AR NE MMLU #5812 HellaSwag #F1, GSMS8K i34 A {& benchmark At #1344
ZBT , AESLIE LLM AR E NLP/ML WA RCHKITE, BHEEZ., H— , 3X+4
NLP Mg E R A IF——MN string-match metric , ] item-level E4LE4E (IRT) , BE|
adversarial filtering -5 dynamic benchmark——3F3E[H LLM 8543Kzh , 2 NZ3E18
(measurement theory) 5 ML SCUEE5E XTI ; N7 X —PkéE , Elazar %XJ WinoGrande
"artifact" f1F§3%. Chizhov ZXT HellaSwag B "Lorem ipsum” #% . Schwartz ZXJ Story
Cloze {4 endings-only baseline % critique 2 B15F 8. H= , ARLEFEET RGER A
& benchmark HZITEIL SR X , FE—NH—H"5EE"EZE—FD benchmark 2! iKi
BT 2B RES—RILRARF critique N E., AEAHXEIPRTA |, #64 §03-807
I T HE.

F4AB= : accuracy / F1 %" REFRTEFRHIKIK. Item Response Theory #£ NLP (& K]
B PAK adversarial / contrastive eval {£4 distribution-aware & H|HN#E . &=EFKITE
%I framework &1 % , XtH8 DCLM f{"benchmark ZB%3E". OLMES f"reproducibility
%" HELM B4 holistic scenarios”"=#f community-scale Lz , 5|t #4& benchmark {58
24 meta-evaluation THA——I) BHI ["bhi-2026] Aft¥k.

1.2 F—¥4 538 : accuracy B4, AET4A

accuracy IS B - ZEEE MK & $\mathcal{D}={(x_i, y_i)} {i=1}"n$ L , % $f$
i) accuracy £ $\frac{1}{nN\sum_i \mathbb{1}[f(x_i)=y i]$ , X~ —IHHE{H1T ; 95% Wilson
B{EX 87 $n=500%. observed $p=0.5$ %4 +4.4 pp , £ $n=10000$ B#] +1 pp, X%
HLLM SR8 1A " AR @ OpenBookQA {X 500 &l , B —ERI A ¥ SEITIR =14
RILF5"7B vs 13B"AREFRBR, X2 A4 frontier #HEEZFE model card H{il
[T =3000 @ benchmark , B 7£ small benchmark _E A multi-seed 2% bootstrap #45X
[Bl——PIQA valid 2000 @ E 2"/t F , KIEF"R3K.

R accuracy MZEVH TR 7 =KRZIRA , B1FK14F NLP/ML 3F{&3EFIRZ O
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E—3%  TEMELRHRESNE. accuracy B SR ERMIIRL TS N\EE IR
BUER LT, % benchmark N8 E MRS AN, B4 accuracy A8 R R FERE S
Z[E) LATBETE £ AR« — MR 60% R EETEMERESE . H—1 30% fRiHaS
30% MEIAE% . B FE production M _E L2 EEIR , f5& NTEEFE long-tail query
FRMFEE. MMLU # 57 4 subdomain S5k . HELM v1 (€] 16 core scenario fINAY ,
i B A2 X F M F R Btk ; ERE within-subdomain {/3#% simple mean 5
&, [REMIZEIEX.

FXK S NNAETF RERE. MCQ Z/AF MFF MY H KRRARKETF : (a)
loglikelihood ranking——3E &N & E4 continuation & $\log P$ BX max ; (b) byte-length
normalization ; (c) character-length normalization ; (d) unconditional normalization Bk
prior $\log P(\text{option})$ ; LAK (e) generation-based answer extraction, EleutherAl B2
BRAHAIA , F—EEER— MMLU @& E , R[F normalization 45t 5-15 pp AR
S [Meleuther-mcg-norm], #52Z , "GPT-4 £ MMLU _I 86%" B AR A : it
normalization / few-shot prompt / chat-template / answer extractor , #{==A~7]tt., OLMES
paper [*gu2024olmes] {EX1EZ codify >4 "canonical setup” AR AEH VTSR FF 3 NAACL
2025 Findings ; E & 47 XF % ——Im-evaluation-harness "presents task setups as open
choices"——I1F & community =2 T B 4%/ (3K 1.

F£=%  BEXSMIRERTE | ENES. accuracy IE&EBIER{E ground truth, {B
MMLU-Redux E#F 5,700 3 j5 &£ 6.49% 4% , Virology FEE TR 57%
[*gema2024mmlu-redux] ; Surge Al X} HellaSwag ) audit {11 36% &4 , ActivityNet
S AEBIASITIBETIE 95% [surge2024hellabad] ; Mousavi %3¢ SociallQa HIA54E 1135
iR 28% FEANELEM 1 V5 X 1 VEFERME [*'mousavi2025garbage]. XL F H R4
accuracy 55" X : ¥4 benchmark B E_ER"#4E B EEFE N EEZT |, frontier 42
AR hill-climb 25 5T_EZ 7£ fit noise ; RNRIMEZIESE S EH "B ITFEXTR"SHENTTX , &
A% ranking £l3h.

F1 5 EM (exact match) ZE4 TS L& B RABRM[AA : F14E token-level overlap %4
surrogate {55 , {BXE X% E. word order HEE. &% span boundary 2 EEFEE(T
%-4% normalization ; EM f£" 2 B E M — IFF AT 8" _E8UST tokenization 5/NE 1,
LAMBADA I EZA{K (Paperno JRhR vs OpenAl re-tokenized hfga<) 2z ATPL £ R —FEHY
B —HRNE" , AEFE EM #1YX3 tokenization F A2
[*paperno2016lambada],

1.3 IRT 3\ NLP i : M\PB{EZ item-level FEIE

M/ NE (psychometrics) B 1960 F LA R T —Ei&bt accuracy AN T A , #rA
Item Response Theory (IRT), HZREMMIINSE logistic (2PL) #RIIE "4 $s$ 72 $i$
IR S A

$$ P(\text{correct} {i,s} =1 \mid \theta_s, a_i, b_i) =\sigma(a_i (\theta_s - b_i)), $$

H $\theta_s$ Z#03 ability, $b_i$ £ E difficulty, $a_i$ 2B discrimination (¥15])
) . XMER— RS accuracy T2 MAZIK =4 : (i) 1 item-level X 4"
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A5 ; (i) 38 ability fEITE— PN EEEE XK latent scale £ (A2 ELH AL
Ze) (i) EXGERXNENMANE" , NTRA"X—Y1#5 i #JLF — B8 —X
XY ranking JTRBA , M# 5.

Lalor % 2016/2019 £ EMNLP / ACL A% T{E [Malor2016irt] 4& IRT 3| A% SNLI / SQUAD
% NLP {E55E - b1 IRT fit 8 B AR SFIH1 , M4 "small but informative” il
W F&E——7F benchmark ¥5®8 7% , 5848 random subsample FAELAETE 1/10 FE Tk
2 JLF A EHER ranking —3ME. Vania & 2021 #F—#38 IRT %! cross-benchmark Lk
3 : 38 GLUE / SuperGLUE Z/MEE M E kidtE— IRT scale AL , {5 "VEE"1E
model space E R BFHALKR—FLI K (21 RTE) XP/MERIBME, X ERANAT
5, SRR R M X E A trick prompt A , f2IRBEN H AR E LM latent variable
[*vania2021irt], X—W 2R f53k#% Schaeffer % 2023 3<F "emergent abilities are a mirage"
B4 ["schaeffer2023emergent] [A]3E 1T ——fth i TH3% (8 = 2 emergent ability ()
sharp jump 3B RELL metric (20 EM) (I%EFE |, #A8 token-level cross-entropy 25545k
metric JRRIZAT Y78 . Schaeffer Kt iITRAR T EHEF 2 metric T3E IRT , (BEHIKEZE

—"#RAYEES1 &2 latent variable , accuracy £ noisy projection” SHE R IRT gt 20,

FHA LLM B |, IRT N BFHARTEERNL , BERTURLKRLZISE | H—£ benchmark

N subdomain accuracy I 5IFRE |, A<ff_E 2" &IA ability £ multi-dimensional" ; &
Benchmark Health Index (BHI) [*bhi-2026] & IRT #] discrimination ;&% A "Capability
Discrimination" 4 fE———> benchmark £ 91-model /%7 _E ] score variance / IQR ,

B3 score k.. H—1k , 5 anti-saturation 1 impact —#fC# A% benchmark-level {&RE=
. BHI A EFRMAET : EE—XIE"benchmark B &R AESH"¥EA first-class
research question £} , MAZE3IL benchmark EAT] Tk dr R . HBE——score 1k
#i model 4345, impact A citation 5| A\ age bias——tLi2B2Hf 33 : meta-evaluation T B
AN BRI EL , NEEVIEA.

1.4 Adversarial filtering 5 contrastive design : &
distribution shift 9 \JUE

IRT 432 "EMIELFH item pool _EANAIFER ability", {8 NLP FERE 5 — RS a)8—
annotation artifacts, surface statistical shortcut, reporting bias——A&47E item pool F4i&
[rER : MK A A S AT BE RIFIRTYRE lexical / A)jA#ETR fake HiBET . X1ERZ adversarial /
contrastive TERIRITHIH & .

Zellers % 2018-2019 £ SWAG - HellaSwag &3t [*zellers2019hellaswag] £X—/&
BFIERES : IR —AFI712F (BERT BT) RE GG SEE B REX A LR B R IR
25 | BGTHILA) trivial shortcut 31515, HellaSwag F itk 7E 2019 2467 SOTA
SWAG ] 86% FiI[a1Zl 48% , %4 BERT K{{HEAVEE T KE32FHZS[A). Sakaguchi £
WinoGrande ["sakaguchi2019winogrande] A 2 =/ AfLite (Adversarial Filtering Lite) &
WSC 3 £l 44k F 5% embedding T]fi## token ; PIQA [*bisk2020piga] &t twin
sentences {XZ— token IR, , i lexical overlap baseline kR . X—iE TEREERE
epistemic claim 2 : evaluation RV iZ{R& distribution EEEH ; EF T PALE same
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distribution _L2%I| spurious correlation , ffA benchmark #40E3h )\ model £ Bzt
PLIHIE.

SR adversarial filtering B 512~ =252 |, F1] 2024-2025 &£+ B4 -

%— , filter model HFLEFHR : HellaSwag ] BERT-based filter £ BERT-era & & & X}
3, {85t 5 £ 5 GPT-4 / Claude 24 £ "adversarial', Chizhov % 2025
[~chizhov2025goldenswag] (] "Lorem ipsum" 3856 B 73X — m—th i1 &I 65% PA_E AL
RIFUNZEMIRR question / A Lorem ipsum &R T # 5 MAZ | AL LLM B4 R4
AF 510 , 5 answer-only surface cue )R] {E% ; 11/ 1fE 5B GoldenSwag F&E{EA1E
F. XE—MEEEETAM lesson : adversarial filtering (RIXHi3REH filter model
FRRTE , XK frontier iREVR{RIEFTS .

E, X filter B3| A\$ artifact : Elazar 2 EMNLP 2021 [“elazar2021artifact] f{]
"Back to Square One" &3 &SIFRR , WinoGrande EHUE&E"E{UjEIKR T WSC 1
artifact"{B AfLite R F 5 —=FE artifact——zero-shot =4& evaluation F , XZ % LM 7£
WinoGrande _t3IE[ER , FNBR"EHE"FE KB fine-tuning X3 #T artifact fFIH , MIEE
SLE IR, WinoWhat [*winowhat2025] 3t—# F paraphrase il : {£3F schema #IRLEHIAS
AF  ME surface form f§ , LLM RIEZIR {1 , WA surface cue NEFE(=S.

$=, filter 5| AXF AFEHBE : Schwartz % CoNLL 2017 [*schwartz2017stylistic] 7£ Story
Cloze L& , AEH] "right ending” ZEXA& LM E4E. FRE , X5 endings-only
classifier BJ ] 3% ~72% (random=50%) . XFFIE filter BiLRZkiR , T E N annotator 1£
B 1E 15 151 B BB &M AR 43 8 ——AF TCiEAZ X FF annotator-level distribution shift,

XE negative lesson ZFA T3k , B EF5E FH—1X evaluation design &% : 5H once-
for-all X135 filter , A4M1iL benchmark Z&<& dynamic, LiveBench [*white2024livebench]
EERAE , AN 6 NARFMEAER ~50 @ , 1.k contamination 5 distribution shift &Bak
ETIR)4E B _E T4 ; MixEval [*ni2024mixeval] FE SR user query MIAMHkL |, 18
distribution A benchmark 5%+ 5 % wild query XN, XFEEL& LK T 2024-2026
BB FR 3 "distribution-aware S HT3E N——3F E #3805 f¥) contamination / saturation

1.5 Framework ¢ : UEMESAT%Z] community-
scale ZERt&HE

M NONEIEILRAREE community-scale infrastructure A BEgZ0E community-wide ¥5°¢.,
Im-evaluation-harness, HELM, OLMES, DCLM, BabyLM f£ framework EME4AH 7 JLE
BHKANKERITEF , HIESX,

Im-evaluation-harness [*biderman2024lessons] %&4F" T AR "R : % task A
loglikelihood / generate_until / multiple_choice P42 request , setup EF A RE. B
MHBRERI (v0.4.12 & 60+ task) . #HXTIMAIEER ; HAHE OLMES paper EA Rt
] "presents task setups as open choices"——[a]— task A ES A E AREEFE.
HuggingFace Open LLM Leaderboard 2025-03 R{A /25 [*hf-leaderboard-retirement] $E£3X
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—5K 113227 community & /ZM : HF Ef\ B 7 "leaderboard could encourage people to
hill climb irrelevant directions in the field" , &\ static benchmark mean-score 3Gz 1IEFE

HELM ["liang2022helm] i "holistic $F4 K" £k : scenario x metric — 458 [ 3R TR E
&= , 1& calibration / robustness / fairness / bias / toxicity / efficiency 45 accuracy %R
& . HELM vl F&Z K aggregation k& (mean-win-rate {&k#i model &) £ HELM v2 /
Capabilities [*crfm2025helm-capabilities] B F{&1E 4 mean-score, CRFM blog 7£ v2
launch B1BE mean-win-rate "dependent on the set of models being compared, and
sensitive to small variations"——X 2 framework 43 # B S E¥BE. SAM HELM v2
MEZFEE 5 4 scenario , 5 holistic"[RE M AINE]. HELM f£ 2026-06-01 3 A\ maintenance
mode AREEX —HE&KTEN TR,

OLMES [*gu2024olmes] ¥47E Im-eval-harness Jg %_L fif"canonical setup"#r A, : &4
task R A — setup , base / chat #£EIXFFRihZ45E cloze vs MC FEX,. OLMES )RR
HASE prompt-level #rHELL , iR contamination / behavioral validity——;& paper B
B &I scope limit ; Al2 38 OLMES #i3k#i485E 21 OLMo l|Z& workflow (OlmoBaseEval
43-bench £ , 2025-11 OLMo 3 release) , #tXH 4T, OLMES 5 Im-eval-
harness f15< &1t issue #2002 (https://github.com/EleutherAl/lm-evaluation-harness/issues/2002) H
& : OLMES ##E1X[d) harness & \1£#%0) , normalization, few-shot example pool 4077
&% JLIAE# backport,

DCLM [Mi2024dclm] $2 4 —4™ epistemically ~[EHISEI : fix model + training code ,
varying 2%E ; benchmark AHEWAEEKIRR , MEFEHIE recipe KR NHEK. XiE
evaluation JA model-centric E#7 frame 4 data-centric———ME benchmark"45 & 21| %50
ablation"fi% 11 %, DCLM 53-task suite FittA&AB— A : /B4 data quality "B =
FRIEJE", HAH £ benchmark health A~B 1% & 1+——daVinci-LLM [*qin2026davinci]
2026-03 PRI/ IE B IEX4-E A E4 , BARIE "evaluation protocol choices significantly
influence understanding of pretraining progress" 51t paper limitation,

BabyLM [*warstadt2023babylm-cfp] R{t3k 5 —5A4Kkim : 1€ evaluation 5 training data
budget #£R#)5, 100M-word ceiling 2" FFRXTR" , ME"HREEHKIBFR". BLIMP +
EWoK + GLUE JEMEHA S E A LLM BITH |, 3EE %I <100M-word tiny LM _E 28
MABESAFFHE TR 8l——BabyLM 2024 Findings [*warstadt2025babylm-findings] B
F#R% "curriculum learning largely failed", "BLiMP saturating for top entries"% negative
result,

R FPER 2 XF BB R 32 R — N L [E] epistemic insight : {£{7 community-scale benchmark #f2
WEIBS + PuiEsE + TR + HSBRIPATE , BMRAE—HREBAB. Im-eval-harness T
FRETEE(E setup FFMSEHEWSIAT L ; HELM & ¥ 52 %48 community IR A
=. TESITFRE ; OLMES figiR setup #rAE4L{ELP OLMo workflow ; DCLM & evaluation
frame X data R W EI#R{E42id benchmark health ; BabyLM )4 (a)8ih F{ELE R

transferability {3FFAK.
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https://github.com/EleutherAI/lm-evaluation-harness/issues/2002

1.6 f7& "benchmark {5 B & "W T A S5H&RER S ATIELR

SE |, ARSI RIRA T AHERFILALK benchmark :

{55% (signal) : accuracy / F1 % raw metric Z 4 , &% item-level discrimination ¥/
(IRT JR4 ) BHI Capability Discrimination) ; & &1k4 normalization BUXE ; &7 small-
sample T4 H 811X A],

B H (validity) : 31H 244 annotation artifact (Story Cloze X4& cue. PIQA twin
sentence overlap) ; £&XT paraphrase / Lorem ipsum %5 ablation £ (WinoWhat,
GoldenSwag) ; B AKMAIRERE (MMLU-Redux 6.49% 4£3),

Xt (adversarial robustness) : #iE R 2 /4 adversarial filtering ; filter model 27&
frontier (HellaSwag BERT-based filter 2% GPT-4 #1¥) ; £ 7&1%T distribution shift #5%&
(dynamic refresh, cross-lingual variant)

H5%h (ecosystem) : 275, Im-eval-harness / OLMES / HELM % community framework
WRAE ; BB leaderboard FET-1E¥ (HF Open LLM Leaderboard 1B{K) ; 2754 BHI /
meta-eval T_E score A high-discrimination + high-anti-saturation,

XE PSR R 2 fask §02-807 , 1EIEM & benchmark ZE—ES. T—= §02 B
M pretrain T EGENEEBE R A XS A (loglikelihood vs zero-shot generation, normalize-
by-token-length. few-shot 1%&#£. scaling law f1£ T benchmark BiEM) ZReX—%k
A, AR ITAEKIMEAMN S L1T. log fERSHIERE , 15% TFEKESE FH 02-
HARNESS 5 T#23X#F 1 03-FRAMEWORKS,

[*bhi-2026]: Zhu, L., Hua, H., Miao, L., Zhao, B. (2026-02). Benchmark Health Index: A
Systematic Framework for Benchmarking the Benchmarks of LLMs. arXiv:2602.11674.
["eleuther-mcg-norm]: EleutherAl Blog. Multiple Choice Normalization in LM Evaluation.
https://blog.eleuther.ai/multiple-choice-normalization/. [*gu2024olmes]: Gu, Y., Tafjord, O.,
Kuehl, B., Haddad, D., Dodge, J., Hajishirzi, H. (2024). OLMES: A Standard for Language
Model Evaluations. arXiv:2406.08446 (Findings of NAACL 2025). [*gema2024mmlu-redux]:
Gema, A.P. et al. (2024). Are We Done with MMLU? arXiv:2406.04127.
[*surge2024hellabad]: Surge Al. (2024). HellaSwag or HellaBad? 36% of this popular LLM
benchmark contains errors. surgehq.ai blog. [*mousavi2025garbage]: Mousavi, S.M.,
Cecchinato, E., Hornikova, L., Riccardi, G. (2025). Garbage In, Reasoning Out? Why
Benchmark Scores are Unreliable and What to Do About It. arXiv:2506.23864.
[“paperno2016lambada]: Paperno, D. et al. (2016). The LAMBADA dataset: Word prediction
requiring a broad discourse context. ACL 2016. arXiv:1606.06031. [*alor2016irt]: Lalor, J.P.,
Wu, H., Yu, H. (2016). Building an Evaluation Scale using Item Response Theory. EMNLP
2016. ["vania2021irt]: Vania, C. et al. (2021). Comparing Test Sets with Item Response
Theory. ACL 2021. [*schaeffer2023emergent]: Schaeffer, R., Miranda, B., Koyejo, S. (2023).
Are Emergent Abilities of Large Language Models a Mirage? NeurlPS 2023.
arXiv:2304.15004. [*zellers2019hellaswag]: Zellers, R., Holtzman, A., Bisk, Y., Farhadi, A.,
Choi, Y. (2019). HellaSwag: Can a Machine Really Finish Your Sentence? ACL 2019.
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arXiv:1905.07830. ["sakaguchi2019winogrande]: Sakaguchi, K., Le Bras, R., Bhagavatula,
C., Choi, Y. (2019). WinoGrande: An Adversarial Winograd Schema Challenge at Scale.
arXiv:1907.10641 (AAAI 2020). [*bisk2020piqa]: Bisk, Y., Zellers, R., Le Bras, R., Gao, J.,
Choi, Y. (2020). PIQA: Reasoning about Physical Commonsense in Natural Language. AAAI
2020. arXiv:1911.11641. [*chizhov2025goldenswag]: Chizhov, P., Nee, M., Langlais, P.-C.,
Yamshchikov, I.P. (2025). What the HellaSwag? On the Validity of Common-Sense
Reasoning Benchmarks. arXiv:2504.07825. ["elazar2021artifact]: Elazar, Y., Zhang, H.,
Goldberg, Y., Roth, D. (2021). Back to Square One: Artifact Detection, Training and
Commonsense Disentanglement in the Winograd Schema. EMNLP 2021.
arXiv:2104.08161. [*"winowhat2025]: WinoWhat (2025). A Parallel Corpus of Paraphrased
WinoGrande Sentences with Common Sense Categorization. arXiv:2503.23779.
[*schwartz2017stylistic]: Schwartz, R. et al. (2017). The Effect of Different Writing Tasks on
Linguistic Style: A Case Study of the ROC Story Cloze Task. CoNLL 2017.
[*white2024livebench]: White, C., Dooley, S., Roberts, M. et al. (2025). LiveBench: A
Challenging, Contamination-Limited LLM Benchmark. ICLR 2025 Spotlight.
arXiv:2406.19314. [*ni2024mixeval]: Ni, J., Xue, F., Yue, X. et al. (2024). MixEval: Deriving
Wisdom of the Crowd from LLM Benchmark Mixtures. NeurlPS 2024. arXiv:2406.06565.
["biderman2024lessons]: Biderman, S. et al. (2024). Lessons from the Trenches on
Reproducible Evaluation of Language Models. arXiv:2405.14782. [*hf-leaderboard-
retirement]: clefourrier @ HuggingFace. (2025-03-13). End of the Open LLM Leaderboard.
https://huggingface.co/spaces/open-lim-
leaderboard/open_lim_leaderboard/discussions/1135. [*liang2022helm]: Liang, P.,
Bommasani, R., Lee, T. et al. (2022). Holistic Evaluation of Language Models.
arXiv:2211.09110. [*crfm2025helm-capabilities]: CRFM. (2025-03-20). HELM Capabilities.
https://crfm.stanford.edu/2025/03/20/helm-capabilities.html. [Mi2024dcIm]: Li, J., Fang, A.,
Smyrnis, G. et al. (2024). DataComp-LM. NeurlPS 2024 Datasets and Benchmarks.
arXiv:2406.11794. [*qin2026davinci]: Qin, Y. et al. (2026-03). daVinci-LLM: Towards the
Science of Pretraining. arXiv:2603.27164. [*warstadt2023babylm-cfp]: Warstadt, A. et al.
(2023). Call for Papers: The BabyLM Challenge. arXiv:2301.11796. [*warstadt2025babylm-
findings]: Warstadt, A. et al. (2025). Findings of the BabyLM Challenge. arXiv:2504.08165.

02 - Pretrain ¥ A58
2.1 base model TR "4F B[R " AT AT E RIS

Pretrain [ EEFOIEINA — M HAH TR SR 2 A AR 4574 ME © base model (J¢
instruction tuning, 7t RLHF) Bt 945 chat / instruct model 7E45#)_EA~[G) A&
next-token B[E 3 LM ["BAR N ", 5HE chat-template B . XfFF/ helpful-and-
harmless {g#FK conditional 4. JE[E—iE MMLU 3B & 5IE4S base 5 chat #58Y | 18
FRAEE—ZE(5S : base tEELF loglikelihood ranking 1% A/B/C/D continuation , chat &
BN AR TEBRES BIER /G extract F8, XFH—RF pretrain [ BOENFE
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KI7TiRSF KA : cloze vs MCQ formulation 87k (OLMES BB/ first-class problem
[*gu20240lmes]) . normalization 3E3¥8UK. prompt template {4/ NizhH Sk £10 pp £15h
(Biderman % 2024 [*biderman2024lessons] 245 =2 (a8l z —). few-shot EAE{RZE .
token-length normalization 4. PAK scaling law %8 T "Lt benchmark B IFAE & bk
capability SV " (a)d ,

AERPUTIRFREF : (2.2) loglikelihood vs zero-shot generation f45i1 2 X ; (2.3)
normalize-by-token-length z 4+ 5H 7 Brown 2020 Z IR, ; (2.4) few-shot 1&#E{RZE
(Zhao et al. 2021 [*zhao2021calibrate]) ; (2.5) scaling law $.#8 F benchmark " BiEME /
B RAM" ; (2.6) emergent capability ] metric {49 (Schaeffer 2023
[*schaeffer2023emergent]) ; (2.7) BabyLM f]"sample-efficient"5 DCLM f]"data-centric"fl
2% pretrain ¥ HEE FXTLL ; (2.8) 2026 H5EIX : in-training-probing, MaP. daVinci-LLM ]
self-reflective i {44

2.2 loglikelihood vs zero-shot generation : FjJ$" &L "4y
AENTA

base model ] MCQ ¥R B K ILF T ARMNINEER , ZHELITE N, X model
size FIBUEME. XF prompt RIEEMHEIB 7.

Loglikelihood ranking : 324 option ${Z!] prompt [FEITHE $\log
P(\text{option},|,\text{prompt})$ , BX argmax, XZ%[E)F base LM 7t evaluation {£55_£ DL"HB
—~ continuation E BR"EZ. BRIZITSE IEW : EIE query AU unnormalized
posterior, A% @ (i) Xt/ MER & 17 ——R{FEELA R SRS it A/B/C/ID F&F
loglikelihood 8844 H —/NEE X ranking ; (i) deterministic (JFL2E sampling
temperature) ; (i) X chat-template 7~ , 2 base model "BRIES". L : (i) EM
K EE=5 4 ranking——F KK option 7£ unnormalized $\log P$ T XA E1E (& token
WEZZET) ; (i) 5T production usage fE & it——chat #£8Y7 user query L2 ranking
4 4~ option , T2 free-form generation,

Zero-shot (or few-shot) generation : 1R GO HA KSR : A'XHENTFFTE , BA
regex / SymPy / unit test % answer extractor JEURA LR, X2 GSMS8K (Cobbe et al.
2021 [*cobbe2021gsm8k]). HumanEval (Chen et al. 2021 [*chen2021humaneval]). MATH
% generation-style benchmark fFr MY , 2023 £ f5% HELM v2 / OLMES chat-mode #
I7EI MCQ., Zuita X : MANEME "REERSIHERE + answer formatting + RALE
" EXE N4, TIEBAE next-token posterior, 3XXf base model A/AF———NgES
1B38{E k4R instruction tuning [ 7B &RV AT 8E 95% B [E) R "A E B i "FRIA X 8
FL.." , answer extractor (A%l , accuracy Fif&k 0, OLMES paper [*gu2024olmes] 3ZiX
— R 3FFRME codify A base / chat — 411X : base A cloze (continuation loglikelihood)
chat f§ MCQ formulation ("Question: X\nA. ...\nB. ..\nAnswer:" & ranking &) ;
OlmoBaseEval 43-bench E#IEFEETX—X4%.

B FP MM AE frontier #28Y (AT 224 3-5 pp. HuggingFace Open LLM Leaderboard v1 B
£ ARC / MMLU ¥ 5 chat #£FY7£E X model card B4R generation-mode ¥F% %
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AL, FREX—AIHREEEKAEIL., Biderman % [*biderman2024lessons] 24% Im-
evaluation-hamess = £F4HPE R RHE HHALXS prompt M/MAZBNKSSURYE, FFTTA%SART]
bt RIMHER R "FIA=KRERE—AAF#b 2 "WHEHF 2 evaluation HIESHE B HE " HI1K
I,

{8153| A Schaeffer % 2023 [*schaeffer2023emergent] Bt IE/E A7 E1S anchor : {136
H 24 B token-level cross-entropy TMIE sharp accuracy / EM EFi#a | GPT Z&31E% task t
) capability BiZBT , FTIBH) "emergent ability" X% ZF i smooth scaling——"%I"&
metric NESMEM =), X—WRK A RS S N2 : loglikelihood-based protocol Lt
generation-based protocol ER[gEZ3] smooth scaling , B4 loglikelihood 2=t 2 1%E4%
1 ; generation PMXUIB"REEF=H IERF 7 5B "HIESMERE X binary 0/1, Pretrain iF
M 5% A loglikelinood A~ R 2 4 base model i&$54$-8E71 , EIFE A loglikelihood 7£
scaling law #d& _EEFa4E,

2.3 Normalize-by-token-length Z % : Brown 2020 525

GPT-3 paper (Brown et al. 2020 [*brown2020gpt3]) £ MCQ ¥4 B {E A byte-length
normalized loglikelihood : 3T $\log P(\text{option},|,\text{prompt})$ %A option f] byte &
& , B argmax, HHBRER : option KEEFEKE (20 OpenBookQA F 1-17%] 1-4A)f
option) , unnormalized $\log P$ AL {61 %5 option , accuracy 2k E., byte normalization

72— zero-cost (X1

{B byte normalization B &3f3E5E3E. EleutherAl £ multiple-choice-normalization —3
[*eleuther-mcg-norm] A A% LLAR 7 PUFF normalization £ 4~ MCQ benchmark _Ef520E
S BN R4 finding :

% — , normalization &3¥&Ip5 % 5-15 pp. [F— 8B #HAIZER]— MMLU #i& E |, byte /
char / unconditioned / acc_norm P4Fh normalization N accuracy A] A 55% ZI] 70%, iX
EkE community IREH MMLU $F 2 ARK normalization , B® VR FETLE N .

B, 8B —1" normalization ZEfT& benchmark Lf{£. HellaSwag 7t byte-norm 5
ANEELFIER ; ARC-Challenge 7£ acc_norm (length-normalized acc) FEFafE ; F LT
%-H unconditioned normalization (B $\log P(\text{option},|,\text{prompt}) - \log
P(\text{option})$) &M= robust FAE BXFA% option f marginal probability , &F1E 7 "#&
BUIE 'the' £k default option HKBE".

#X# de facto figiR 2 : Im-evaluation-harness [Ef# acc #1 acc_norm , BB45F
1% ; OLMES RNIJ7E paper FBR#AFEE &/ task BBIFFF normalization (base = byte
normalization in cloze, chat = pure acc on MC letter) , HELM vi/2 7E 55— %k : it task
B XE metric , B framework {R£iE reproducibility.

X—4+X1E reasoning model BB FH RN, 4 frontier &% FH long chain-of-thought ZE4E
BAE T Z S |, ;& answer letter" (% Ry token FF3IR/N—FF43 ; length
normalization Xf& generation $\log P$ JL-ToE X ———community Ft,E generation +
answer extraction WM FF%. {BXf base model 4 (¥4 ablation, scaling law #1&) X
—i%5 , cloze + byte normalization {J32 OLMES / OlmoBaseEval / DCLM ZE#4KEZRA.
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2.4 Few-shot &g Z : Zhao et al. 2021 5" prompt

order matters"

GPT-3 paper %5 few-shot evaluation B3E"in-context example B35 / IUF" 24 {E fixed
convention, Zhao et al. 2021 [*zhao2021calibrate] ZZ: 3k fFH8R 7 —Mit community <
T finding : MAF few-shot example WIS, HEEEEKEES , accuracy T PATER—4E
BE—Bisk LiEsh 30+ pp. {14t =K ZE : (i) majority label bias——1&E AL fif[a) T
predict in-context B ISRk Ex = 8 label ; (i) recency bias——in-context R E ] example
Xt prediction 2MEEx K ; (i) common token bias——% 24 token [& pretrain Sk S , #AETY
default i .

Zhao Z%[F)AFi2 4 contextual calibration : 7E evaluation Bf3F A\ "N/A" Z content-less %
A, MEFEBIR "default prediction” , B e A KRN ———7FF token-level § bias 5
AR X5 IEIR GPT-3 £ SST-2 / TREC % task k¥ accuracy $32F 30+ pp. G {E
(Lu et al. 2022 [Mu2022prompt-order]) 3 prompt order # 1 5sMES | FINAE N! FHEFS
& distribution TMIE&— accuracy,

XF pretrain RN SRIRE X H= -

%—  few-shot example YSAEE. OLMES 3%4| fixed example pool (A A4FFEAL)
Im-evaluation-harness ZRIA - -num_fewshot 5 --seed 42 , HELM £ task config &
hardcode #1F ; ZNR—BWICIRE MMLU 5-shot {BIZFEE example FEFEHN , ¥FAT]
EEIA_IJO

% | bias calibration {A3EFE /. Zhao 2021 1§ contextual calibration & & 3FH N Im-
evaluation-harness ZXiA pipeline, JREz —2 KIERIAET (=30B) bias ZIHAAX4E/)N (FEHY
entropy F15) , {BiLHA Holtzman %5 (2021 [*holtzman2021surface]) f Surface Form
Competition TER/RXZBETE frontier 125 _E{MUE RS ERFE—AERIA]RE
"Paris" Lt "paris" ££ pretrain 5k = MIEE £/ default option,

%=, chain-of-thought 3| AFEHE. BBH (Suzgun et al. 2022) % reasoning
benchmark 3 CoT exemplar ¥ first-class config——% 8 M2 3 /> exemplar, FAfLL
&, CoT B EA ground truth-aligned , X% accuracy ZlmE X, HF Open LLM
Leaderboard v2 245 BBH 3-shot , OLMES 7£ task config & fix exemplar——community {J3
KUSHEI G —HAIRE

2.5 Scaling law {15 : LY benchmark E "BiF"

Hoffmann et al. (Chinchilla, 2022 [*hoffmann2022chinchilla]) 5 Kaplan et al. 2020
[“kaplan2020scaling] & pretrain #tf& frame -5 compute — loss ] power law, Chinchilla
1E 70B £¥5 1.4T token _t compute-optimally Jl|Z , ZI"/MEFR + £ token"bb" AFEHY +
/b token"7E%£[@] compute | cross-entropy B4 , MR T GPT-3 Bf{{ " HY it K 47 1K)
@18 narrative, X— &AM IRL B2 loss"EFHM A first-class pretrain metric——
{8 loss 5 downstream benchmark accuracy 2 [B]3F A< =A% B3
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Tay et al. 2022 [“ay2022scaling] £ architecture variation x scaling 2&%/|3R&F A : AAF
architecture f§ scaling curve f£ loss _F ¥ 48R , {87 downstream benchmark
accuracy a4 BE. Bk , pretraining loss JL R kME"/A)F4K% likelihood" , T
downstream benchmark il i) 2 %4 task-specific abstraction——p & ] mapping 1~ E18
% . XEM#E loss-based scaling law ANBEE #E TN benchmark accuracy,

DataDecide / Al2 5 DCLM ["i2024dclm] #£ 2024 £ T/ X—[rl @ T2, - B small-
model proxy (412M/1B) 7£% data recipe _E 53-task evaluation , ¥E% 7B / 70B scale
) reference signal, DCLM-Baseline f£ 7B _EiX%!] 64% MMLU 5-shot——X &2 data
engineering (model-based filtering) BIALFFEHE. {B DCLM 53-task NEF benchmark 7£ 7B
scale L2 48F0 (BHI [*bhi-2026] B /xFLL task capability discrimination #£3f 0) ; X
EXx#%& small-model proxy £ mid-scale B {55 , {BFEZ frontier scale B £ 53,

2026 ZEjBILAE) Prescriptive Scaling (Proteus 2k dataset, arXiv:2602.15327 [“prescriptive-
scaling)]) i Bl B #&3U& compute — downstream accuracy f{] saturating sigmoid , {EA
prescriptive prediction tool : 45 %€ compute & , [B]/3 M downstream accuracy _EfR , 3
ERHIERY fit [F7E G HIREEY_E i out-of-sample I&IE. X2IE scaling law MR M
(descriptive) #@) prescriptive 13=3%, , 5 DataDecide B #p———7 2 model-size proxy ,
—/~ & compute-to-capability mapping,

HiFM vs sample-level instability : 2510.04848 [“instability-paper] %5 pretrain 372+
downstream task performance 7EAH4B checkpoint [B]f] variance &3 [F]— AU LE step
$N$ 5 step $N+1000$ = GSM8K accuracy AJgEZ 5+ pp , XFFIE model E3RIBE , T
evaluation MY IS Z (generation-based eval + small benchmark) ., X— &I H Pk
%" B single-checkpoint 3T R E £ B 4kE1)I| 25 "8 pretrain workflow, in-training-probing
(arXiv:2604.01025 [Miu2026probing]) ELiZ L lightweight probe paradigm , 384
checkpoint 3 ]\ ~1 /N EE] ~3 4344 (VEN, §2.8) .

2.6 Emergent capability f] metric 4§64 : Schaeffer
2023 HIsRIE

Wei et al. 2022 [*wei2022emergent] F] "Emergent Abilities of Large Language Models" 7£
137B z L #E R FINEREILZ 4 benchmark _EFK] sharp performance jump——arithmetic.
word unscrambling, Persian QA Z{T%-7E sub-100B #% I LR a#g , B FIERSG
Z=IE 60-80% accuracy, X—IFR I E A "scale & capability BIELZM driver"f{] S<58IE
1.

Schaeffer et al. 2023 [*schaeffer2023emergent] 124 R4 R IX : MBI EFH MR —RFIT
%, WIF emergent abilities 2 metric FELSMRIFTYIMIE capability ELSSIEZ&ME. BK0
£ : F3 EM (exact match) / accuracy £ binary metric i} , #RERERE (40 7 {3z arithmetic
FEX 6 7) A fully wrong , BHiZ = sharp jump ; # ¥ token-level edit distance,
cross-entropy. Brier score %4k metric 5 , BAZLA smooth , "FRINTELK, ffi1H#F—HAE
B R E metric 7 capability £/Z non-linear (RIEITIEM"S "L EM AR SY) |, 27
smooth ] underlying capability &< #£1% metric -2, emergent jump.
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X— T IFL A XUEHE emergent ability 28, X} pretrain 3 :

E— , Pl metric IELMIRTE T capability BIZFEIR. —1> benchmark & EM 3¥4)
(GSMS8K g final answer match, HumanEval f{] pass@1 unit test) , &%k sharp

jump ; A cross-entropy g% token-level metric RJZ 3 smooth scaling, #ff3 &% metric ~{X

e LFRRE , E epistemic RIK.

%, emergence [{"reality"{AE$. Duetal. 2024, Huetal. 2024 LN EET/EIA

Lk capability (20 in-context learning. chain-of-thought reasoning) Bl {#£E3%4% metric

T EIIELM transition , Schaeffer (e mFF3E£ emergent ability #jH%k. Lambada 7£

GPT-2 - GPT-3 _EH] accuracy BkEk (7% — 86%) £ well-documented case , {8

Schaeffer XA& B13%E4: metric reanalysis X877 LAMBADA _E RSt X2 FF (el

5=, X} pretrain progress monitoring FSREERNE : 20R F EM-based benchmark 435
Y&k , ATREFERERS step BAE! progress , #AJ57E final JLA checkpoint BF "Z8H"—
XA YRR K E /Y, false alarm, 2 A token-level 2% probabilistic metric (loglikelihood,
perplexity on relevant subset) 7] AT R3E3E {55 . in-training-probing 1% AUROC {E4
metric [KER JREER AUROC XF#&%Y confidence M 3E Z 47 ZEA)IELLEUR,

2.7 BabyLM vs DCLM : sample-efficient vs data-centric
WIS

BabyLM Challenge [*warstadt2023babylm-cfp] 5 DataComp-LM (DCLM) [Mi2024dcim] £
pretrain ¥{&_ERRBFP LT LNE S |, XSIHLEAIXIIEfE 2026 # pretrain 1EHA& RHEZ
.

BabyLM : £ data budget ZA& 24 % #£ 100M-word (Strict track) =% 10M-word ( Strict-
Small) AT , BAFR[a)EE X ¥R _La{a & 4 pretrain ? " TEMEAF BLIMP (1B7X) +
EWoK (world knowledge) + (Super)GLUE (NLU) ———4BA FUAFRME LLM %10
benchmark, BabyLM 2024 / 2025 Findings [*warstadt2025babylm-findings] k%5 7 & T
negative result : (i) curriculum learning 7£ BabyLM Z JE&fEH RaEWEN —FXES
cognitive science HIEBH KA , 1B SCARLEIBIN curriculum F57% , HEXWEREEE ; (i)
shorter input sequence + student-teacher distillation R TERABIX ; (iii) BLIMP £ 100M-
word top entry _HEITMF— AN AdrAE LM iZITH benchmark 7£ tiny LM _EE#£41K
%l ceiling, LTG-BERT #£ 100M-word #t#E_E outperform F{Zim Ik EELX —F 5L, "4
PR vs scale"FHE B NIELE.

DCLM : [k [a)#{EF——[EE model architecture (OpenLM transformer + ROPE + SwiGLU)
+ training code , AF data recipe, ##5ZE| 7B/ 2.6T token , 53-task evaluation E4-& &=
MMLU / ARC / HellaSwag / GSM8K / HumanEval % . Top-level metric £ Core % (22
task) M centered macro-average, findings : (i) model-based filter (fastText classifier
& high-quality web text) BERX8HEZE , iTiR deduplication 5 rule-based filtering ; (ii)
DCLM-Baseline 7B £ MMLU £ 64% , [@#f Llama-1-7B 35% / Mistral-7B 60% , i}tBH data
engineering ATAFE K,
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PERIXTELFER JLA pretrain EEHKIRZE)-

[a)81— : benchmark [ transferability, BabyLM ] LTG-BERT 7£ 100M-word _E BLiMP
> FI{ZiA#EEY |, {8 BLIMP ;224 generic LM i%1TH. XEKE BabyLM finding & B8EEH
| frontier-scale &% ? 2024—-2025 Findings H . & IAX & open question, [@#E , DCLM
53-task suite &4 70B / 200B model _E{J3 informative ? BHI A #r&RBAEN 4 task 24850 |
benchmark suite B & %% stage-specific selection,

[a)@— : evaluation protocol & framework {74, BabyLM f BLIMP + GLUE fine-
tune , DCLM A Im-eval-harness compatible Y. P& XF normalization / few-shot Z£15%E3%
K BAE. davinci-LLM [*gin2026davinci] 2026-03 paper {EiX—[a)# self-reflectively 5
limitation : "evaluation protocol choices significantly influence understanding of pretraining
progress"——— T\l scale (3B model, 8T token, 200+ ablation) g FFii framework 2 FF
AIABE T I 200+ JERALES 2 protocol EIFLA T, X2 pretrain FEN4RIEZE Wi epistemic
honesty,

[EF= : data-centric 55 sample-efficient & B#k&IE ? DCLM ) model-based filter Z
FRIE" SRE token HE"RS , FMTEFR token HTHM effective sample ; BabyLM
£ hard cap TI#F3T# i architecture / objective innovation, B4k &£k £F+51 "data
efficiency"s2 frontier KIFAT4T , {8 BabyLM 3£ cognitive plausibility 5/)Ml#&4F , DCLM
313 industrial scale ATEX .

2.8 2026 FSLI\ : in-training-probing 5 daVinci-LLM ]
self-reflective 14

2026 £FRILA JLA TAEIE pretrain FEdHER Hi 1@ .

in-training-probing (Liu et al. 2026 ["liu2026probing], arXiv:2604.01025) : il|lZk
lightweight probe #i \ LLM checkpoint ] internal representation , B &M% checkpoint
1£ downstream task _E I ZNZR (pass@1). 7E OLMo3-7B f¥] checkpoints _t&iF , & 8 4
benchmark (MMLU / GSM8K / MATH / BBH / AIME / GPQA / HumanEval / MBPP) ,
Submodel probe -] AUROC 0.789 , i distant future checkpoint {J3 >0.75., &
checkpoint $EM )\ ~1 /NEFEZRI) ~3 4344 |, X trillion-token pretrain workflow & 20x JiNiX.
critique (3kEH paper B&5%Mf) : AUROC 0.78 88 22% i22 , Xt "continue vs stop
training" X ZE X R K {1E generative eval verification ; {X4£ OLMo3 %iF , FEfthZ2H4
(MoE. reasoning-tuned base) [ internal representation 5 OLMo3 /<[F] , transfer &£ open
question ; probe target benchmark B 5] health /5 probe quality , F saturated
benchmark Il probe <& inflate AUROC (BHI ["bhi-2026] #ff5) . in-training-probing 5
MaP (arXiv:2510.09295), benchmark-health-index J¥ a% "intermediate checkpoint eval" i,
& BF—3E pretrain monitoring )\"& 1000 step #— & full eval"#£ a8 "= 57 lightweight
probe + milestone full verification"S Z25#)., EAKEKJIZk pipeline 5 probe inference T {E
I, TAESKEEF M 05-REASONING-ERA,

daVinci-LLM (Qin et al. 2026 [*qin2026davinci], arXiv:2603.27164) : j2i Data
Darwinism LO-L9 ¥#E4L 3% taxonomy (LO-L2 raw acquisition / format / rule-based filter —
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L3-L5 model-based filter / generative refinement / cognitive completion - L6-L9 higher-
order synthesis) , ECE daVinci-3B 2% (3B ¥k, 8T token, 200+ ablation) , match
OLMo-3 7B t48E. HEZ2HRAAIC "evaluation protocol choices significantly influence
understanding of pretraining progress" {4 self-reflective limitation, critique : L6-L9 {32
IS ATIE | daVinci-3B Stfr R FEI LO-L5 ; 200+ ablation Fi[E]— protocol 1 , i&fi cross-
validate ; daVinci-3B vs OLMo-3 7B X}tk fairness 775 (JIZ-EIEE . curriculum,
optimizer /<[F] , "better data" -5 "different model size" HXEF) . {8 daVinci-LLM &
"evaluation i understanding” B3t paper fififi% , £ pretrain WA RS B R BEBHRAR
E——E &I pretraining & experimental science , evaluation £i% science ]
measurement T_E , MM3E ground truth,

Benchmark Health Index (Zhu et al. 2026 ["bhi-2026], arXiv:2602.11674) 3T"A
benchmark 1% benchmark" frame >4 first-class research question, =% Capability
Discrimination / Anti-Saturation / Impact Z54 106 4 validated benchmark g RE =7t
48, X7 pretrain ISR A Y ¢ % benchmark B {5 CD & + AS S/ task ; B4
Impact {[§ + AS 1% (BP# saturate g niche) , critique : score {&k#i 91-model 2025
distribution , H1 model (reasoning-tuned) A RE score jZF% ; Impact f citation 3|
)\ age bias ; Anti-Saturation {Ei%& 4 ceiling-rise , X 01/ R1 %5 reasoning model £ IS
Z ceiling BkEKAS robust ; stage-agnostic , pretrain vs SFT/RLHF E£4<[& benchmark,
daVinci-LLM XX BRffTE E stage-specific EF 2N E.

2.9 /N @ pretrain PR 7E1B5KT map

B §2.2-82.8 LRA 23K , 2026 BIZIf pretrain FE A IES AT BARRAETL 3K FIROASER

(i) BMX3KH : loglikelihood vs generation 7E base vs chat _F 43 HI|KSRIEHT , 1B community
REE— reporting Z]5E ; OLMES & most-mature canonical setup B3t X 74T,

(i) H—4k3K A : byte / char / unconditioned normalization f]35%3¥ 5200 5-15 pp A% ; X
HARE R A

(iii) few-shot 371 : example pool / order / seed /5 30+ pp accuracy , bias calibration &

FER.

(iv) scaling 3§ : loss-based scaling law 7~ =4& i §3 %1 downstream benchmark ; F4t
benchmark 2B TCiREKLE/E A progress proxy ; step-level instability Hkfk single-
checkpoint 3F,

(v) TTIE{E3K S : BHI $2H 591 benchmark B&@ K& , {8 score kit model distribution ;

daVinci-LLM B4 "evaluation 20 understanding” , {Bk% 4 cross-protocol validation 77

E

JEERETY 803 (MR / HEIE benchmark 2 ARH#IE) KA XA &K N1 EAEYIA MMLU /
HellaSwag / ARC / TriviaQA Z & — benchmark [ critique ; 804 BB m¥EE [ KBS/
STEM ; 805 &£ iTi848F15 contamination = AR#HL ; §06-807 i1 live / dynamic / agent
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FEASERKIE GRS, AEREN T ENAERF EBE" B X—YIITS K prerequisite
—BiE T protocol-level =% | benchmark-level critique ({7 EEth 2.

THREAMSGSITS log iR TESE TFNEEFH 02-HARNESS (Im-evaluation-
harness RESi%) 5 TFEStEkEFM 03-FRAMEWORKS (OLMES / lighteval / HELM v2
| DCLM #EZEXTLE) .

[*gu2024olmes]: Gu, Y., Tafjord, O., Kuehl, B., Haddad, D., Dodge, J., Hajishirzi, H. (2024).
OLMES: A Standard for Language Model Evaluations. arXiv:2406.08446.
[*biderman2024lessons]: Biderman, S. et al. (2024). Lessons from the Trenches on
Reproducible Evaluation of Language Models. arXiv:2405.14782. ["zhao2021calibrate]:
Zhao, T.Z., Wallace, E., Feng, S., Klein, D., Singh, S. (2021). Calibrate Before Use:
Improving Few-Shot Performance of Language Models. ICML 2021.
[~schaeffer2023emergent]: Schaeffer, R., Miranda, B., Koyejo, S. (2023). Are Emergent
Abilities of Large Language Models a Mirage? NeurlPS 2023. arXiv:2304.15004.
[~cobbe2021gsm8K]: Cobbe, K. et al. (2021). Training Verifiers to Solve Math Word
Problems. arXiv:2110.14168. [*chen2021humaneval]: Chen, M. et al. (2021). Evaluating
Large Language Models Trained on Code. arXiv:2107.03374. [*brown2020gpt3]: Brown, T.
et al. (2020). Language Models are Few-Shot Learners. NeurlPS 2020. arXiv:2005.14165.
[eleuther-mcqg-norm]: EleutherAl Blog. Multiple Choice Normalization in LM Evaluation.
https://blog.eleuther.ai/multiple-choice-normalization/. [*lu2022prompt-order]: Lu, Y., Bartolo,
M., Moore, A., Riedel, S., Stenetorp, P. (2022). Fantastically Ordered Prompts and Where to
Find Them. ACL 2022. [*holtzman2021surface]: Holtzman, A. et al. (2021). Surface Form
Competition: Why the Highest Probability Answer Isn't Always Right. EMNLP 2021.
[*hoffmann2022chinchilla]: Hoffmann, J. et al. (2022). Training Compute-Optimal Large
Language Models. arXiv:2203.15556. [*kaplan2020scaling]: Kaplan, J. et al. (2020). Scaling
Laws for Neural Language Models. arXiv:2001.08361. ["tay2022scaling]: Tay, Y. et al.
(2022). Scaling Laws vs Model Architectures: How does Inductive Bias Influence Scaling?
arXiv:2207.10551. [*i2024dclm]: Li, J., Fang, A., Smyrnis, G. et al. (2024). DataComp-LM.
NeurlPS 2024. arXiv:2406.11794. ["prescriptive-scaling]: (2026-02). Prescriptive Scaling:
Compute-to-Capability via Proteus 2k. arXiv:2602.15327. [“instability-paper]: (2025).
Instability in Downstream Task Performance During LLM Pretraining. arXiv:2510.04848.
[*Miu2026probing]: Liu, Z., Lun, T., Wen, Z. et al. (2026). Fast and Accurate Probing of In-
Training LLMs' Downstream Performances. arXiv:2604.01025. [*wei2022emergent]: Wei, J.
et al. (2022). Emergent Abilities of Large Language Models. TMLR 2022.
["warstadt2023babylm-cfp]: Warstadt, A. et al. (2023). Call for Papers: The BabyLM
Challenge. arXiv:2301.11796. ["warstadt2025babylm-findings]: Warstadt, A. et al. (2025).
Findings of the BabyLM Challenge. arXiv:2504.08165. [*qin2026davinci]: Qin, Y. et al.
(2026-03). daVinci-LLM: Towards the Science of Pretraining. arXiv:2603.27164. ["bhi-2026]:
Zhu, L., Hua, H., Miao, L., Zhao, B. (2026-02). Benchmark Health Index. arXiv:2602.11674.
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glF : A\"BF quiz"F|"validity GA/"

MR 1 #ERZE benchmark 2 LLM iEUIAITE. EM1MELRES%E SQUAD, SWAG, WSC
X2 20162018 NLP {£%-4& , 2020 £ f5# MMLU, HellaSwag, PIQA. WinoGrande,
ARC MER"ERER MCQ + EiIRHENT"HE—EX |, G5/A7T GPT-3 - Llama-3.1 Xh 4
K LLM &R, SAMEFEA 2024-2026 & f5 , /LG KhE BN FE N =4 K R BB
ZF : (1) annotation quality (BB ASHEZEIIA) ; (2) construct validity (@B REREIENZ
FEFRIBES) ; (3) data contamination (MIRXEEIEATRIIL corpus) . AZIR' T BE5NR
- ZHER=HE - REEHIE - truthfulness"P94R |, 3B{LFEM benchmark HIi&iT3)
M. SN S F 2025+ critique SCHEASE B— %% narrative , B 1EA T IRET 805 K
saturation/contamination XFHSFN 807 AR LTS,

—. I'BZ41R : MMLU Fik5 AGIEval

MMLU : B8 MCQ KBRS

MMLU (Hendrycks 5 2020) MIXITEZHEE" A—1 14,042 1, 5 57 FF},. 4 1% 1 &%
T EAE R 2 KARE _E 2R A KRB ENR" " hendrycks2021mmiu], \NFIZSE , ©
JE"general intelligence"#4E4 A "EEHE A AEBA accuracy” , FF%ERE 5-shot + log-
likelihood #EAARAEIMY . XANTERBBAME : () MCQ IENMER. FJEE ; (b) 57 F&
N EAFRET M4 per-subject diagnostics, M\ GPT-3 (43.9%) 2| GPT-4 (~86%) %!| GPT-
40 / Claude 3.5 Sonnet (~88.7%) , MMLU £ i3 X EmBINERE M "capability B F",

{H 2023 42 MMLU #t A\ validity f&4/l., Sainz % 2023 &S518% T MMLU % MCQ
benchmark 7£ C4 / Common Craw! 5 f])5 3455 —— Rl A1E B R "FR B "I ET S E = (1]
17 & T BESIME X ground-truth , B I54M3RIEHE[ sainz2023nlp]. Gema % 2024 ()
MMLU-Redux B EFHHrjE T 5,700 @ , K31 6.49% FEH 4 , H Virology FEHRER
1& 57%[*gema2024mmluredux], =Tk E Holtzman FFgH i) prompt SuUstsE——
MCQ # 4 3% 1 FEZiL token surface probability =5 , prompt ¥R i1/ )\ 3h 7] & A% 4-
5pp i#zh[*holtzman2021surface], Zr& =A% , 2024 FFHH M MMLU JLF4#E M,
1"compliance ritual" , F#tX3<iFHH MMLU-Pro,

MMLU-Pro BB EK"Pro" ?

MMLU-Pro (Wang %, TIGER-Lab, NeurlPS 2024) ZIE#T =4 : (1) £ 4 &Y 3 10
W (FEPMER 25% — 10%) ; (2) A\ STEM HiE. TheoremQA, SciBench Z&#I8 4

FEANEZE 12,032 # ; (3) B A LR MMLU-Redux #R7EA5E 8

[*wang2024mmlupro], 55 Z frontier T ¥ [E 16-33% , B CoT £ MMLU-Pro _L&E
fI +5-10pp (MMLU EJLFAZ)) |, 4 HEREIEE] GPT-3.5 BH MMLU 7K,

{B MMLU-Pro 2&"E/ Pro" ? 4377 issue tracker Rt =284 : tEAEREE (Issue
#76) . /MEEUSRE 547127R contamination (Issue #69) | 10 &M R E AR LI A
ambiguity[®"mmlupro-issues], EIRHKIFIELRIFZR : ¥ EMEBA TR HIKIEF baseline” ,
HAE BB B KR FIRHEE ; MMLU-Pro 57 MMLU HZF# multiple-choice 7%
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HK{EZ (surface lexicon, EIRK E . stem token bias) . XZkkE MMLU-Pro #1 R 23246
MEAEFHT 1-2 4> model generation , FFRBAAFR"MCQ KR TA"X—HEBE
[A)#, Wang Zt7E NeurlPS 2024 D&B Spotlight B3 , #{1#) ablation & 7x MMLU-Pro
X} prompt format KYKREL MMLU B&4K (+£1pp M3F +4pp) , {EAIE"SIHRIARBUR",

AGIEval : AEFIFERS

AGIEval (Zhong %, Microsoft, 2023) E T H—&% : 5 quiz B3 , E3EIE SAT / LSAT
| Gaokao / T]3% | GRE & AZE5FFE % Uk LLM 15[ zhong2023agieval], & 3X#%/
MER"GPT-4 £ SAT Math 95%. LSAT i#14 , {B7f Gaokao ¥R {NET AL" | ¥

GPT-4 Technical Report X=35| . AGIEval vl.1 (2024) #p 2023 Gaokao H#l, 68 %

R,

AGIEval N EREHIRIAIE | BUNMRE. RBNMATLE (Issue #7, #11) ; B9
BUTRERR" (Issue #29) ; HAEFESUEBATMIES KX (20 Gaokao-Biology 1 JL
+&8 , BFRAER >5pp) [tagieval-issues], & XHEH) contamination &% 2 Gaokao /
SAT Bl 33 web crawl FKHJ/NFF , AGIEval 5 Llama 3 contamination 9 AT R4
B NQ / TriviaQA ZERIZAB—TFMilIZk corpus FIRFJREC LS WA M "Hll + ViR R EL.
AGIEval B\ KA HIE K E/contamination FRiTIRE |, FHAEAR"FEIC capability R
FRE{EEWITITN. X—/AES C-Eval / CMMLU XfRBRY A 588 8 —— /e P & BRAf = 8A
BEHA, AkEAFEA.

—. % QA : TriviaQA. Natural Questions 5 test-

train overlap

TriviaQA (Joshi %, ACL 2017) 5 Natural Questions (Kwiatkowski %, TACL 2019) &£
closed-book QA "S- ¥ AR R4t : HEVRFRM , ENNEFBRIZER
[Moshi2017triviaga][*kwiatkowski2019nq]. FI&H3L[E<44E5| B2 Lewis, Stenetorp,
Riedel (2020) : 7£f4H £ open-domain QA dataset _L{i§ test-train overlap &t , £
60-70% M E RAEVILREF LI |, 30% M BB TN
paraphrase[Mewis2020testtrain], XZk#% closed-book QA AT ERMIZIZ , FEIZ
.

Llama 3 technical report (Dubey £ 2024) {47 E#%MH contamination E4¢, : 52% ¥ NQ il
W& B I Llama 3 @§Ti|4k corpus A [*dubey2024llama3], X2 MCQ contamination
ZHF N EUR—FFRAERI QA benchmark FI#EIENHEZR , BRA NS EH4%
HER5TE | closed-book EM Kfr B "HAKMEHKESE" : H¥BICIZIAaF , BXE AR HREK
E& , B RE#SE , B noise SRIEARHA.

FiER L, Lewis etal. 2 =43 : (1) 95 "question paraphrase overlap", "answer
overlap”, "both" =Z&FE#5 ; (2) R4 contamination-controlled subset fI%5 ; (3) &
closed-book QA MAE"S AW BE + Kz "B E&ES , MIEL— capability, XEFEIRER
#% LiveBench, MathArena, SWE-bench Live Z&1t7 # i £ 51 Fi#E>4) contamination 5%
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F3E. NQ BFEE T 2026-04 984 (read-only) , EkEHX—1X closed-book QA
benchmark f"E 77 24P I EARLE R,

=. 8HER=FE5 ARC

HellaSwag : "JLAE A& " HKIEFRA

HellaSwag (Zellers % 2019) MRITA S #i2 & shortcut fll——SWAG (2018) # BERT JL
AR 86% f& , ¥E%& F adversarial filtering & BERT B T3k %4 #5285 AF EURE ,
B9 B ActivityNet + WikiHow B3, , K E _ETF3 + i1, zero-shot 1- BERT 35[8] 48%
[zellers2019hellaswag]. 1B HellaSwag B t1E 2024-2025 2211 T [EHEH) validity 5.

% — 2 Surge Al 2024 [{] 36% &1 : ActivityNet &5 95.7% LB RS EIEIEE
[*surge2024hellabad], % 72 Chizhov £ 2025 f] GoldenSwag $3Z : "What the
HellaSwag? On the Validity of Common-Sense Reasoning Benchmarks"——iti{| 1{# 7 — 4>
BESRE © € question BlFE RIHERIE 4 MRELKTE |, 5E M "Lorem ipsum” &1
question , BRI TN AAEN. L5RE 265% 8L H KEBITNARZE , EEkEXTRIT
213 8 | "R A ARG SHERMEZ L AR HMEE—FI T surface &&R (KE. A
k. ) E2%#EEZ R chizhov2025goldenswag]., 7EEE G &% GoldenSwag F&

(R 1,500 BUBATHEA) |, FFEAXIE HellaSwag fITRHOTHE
GoldenSwag.

X2 construct validity 2k BEIZ R B+ : HellaSwag FE#Rilll commonsense NLI , {32
AIE B &It Re statistical signals E48F SN, 454 saturation (Claude 3 Opus
95.4%. Llama 3.1 95+%) #0 test set AFFSEHIIFL: , HellaSwag 7 2026 FEHKSKfR"{5
S"E 0, KRMENEIEJLFEEH model card , B AE &£ Open LLM Leaderboard v1 P94
EZ—— IR reporting.,

WinoGrande : zero-shot JEF& (LK E 4

WinoGrande (Sakaguchi % 2019, AAAI 2020) HE Allen Al £ Winograd Schema Challenge
Y3 44k , BB AfLite filtering + twin sentences XU ZE [

shortcut[*sakaguchi2019winogrande], RoBERTa —& R 79.1% , AZ£ 94.0% , FiLKEND
AR R Geit R TR,

Elazar Z 2021 EMNLP "Back to Square One"{fi 7 XM IR HFLE : fhiilfsd LLM 7
WinoGrande f"ig 7" JLF £ 50k BB W EMAME (fine-tuning 1L42R) % F|| dataset-
specific artifacts) , 7E/4%& zero-shot ¥4 popular LMs RILILFEH, (3ZIL 50%)
[relazar2021squareone], #r/a)11&i% , WinoGrande UK/~ 2 commonsense
disentanglement , T2 "#& 831X dataset specific lexical artifacts fI{MIARMEINSEEN". X
—&IFE 2025 FE4 WinoWhat H—HIAF : /EEE WinoGrande ‘8] F{# meaning-
preserving paraphrase ({REBHEIRZEM), IEFF) , MERFA LLM BEFR W, , UESKAERY
{RFEK G surface cues M3E schema ] commonsense pivot[*winowhat2025],
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WinoGrande f{"saturation %] ~87.5%"EE#J 2R% , {8 Elazar + WinoWhat X 4%
critique line 7 2 BIRKFETE  MFNE 87% S5 A2 94% 2 [B)K gap BRERRFIER ,
artifact leakage &Y ; —H# A H R schema ®ITAEMKE IR, XFEHHEM 8§05 K

saturation-with-validity-loss F 3,

PIQA : Global-PIQA II&ES 37pp O

PIQA (Bisk £ 2020, AAAI) UHEHE R goal + B sol , AL N AT ; M
B BN BB IR 25 2 FFE 28 JF wine bottle"[*bisk2020piga], Phi-3.5-MoE 2%
88.6% , Epoch Al &£ PIQA #5rAE "crossed the human ceiling"f] 40
benchmark[*epoch2026piqa], {E 2025 4 Global-PIQA #4577 —i2 EIRK] critique,

Chang % 2025 7 NeurlPS B4 335 Ui &% 65 MNERIE PIQA BIF/EEET 116 g
B, BRMEEMAIANE. ORI T PIQA BB ES M LLM "R ER"—
ERKRIRES L frontier LLM 53 3R accuracy gap &k
37pp[*chang2025globalpiga], X—A&IIE"physical commonsense"JA— universal
capability ¥ "33 LLM Z£ instructables.com JMHIZE YR E R — AN IEE FRICHHY)
.

7518 _E Global-PIQA 21 X =4 K EEM culture-sensitive validity Tz — : ©iEBRF %
W LLM 3Tz RGN HE IR /#EE EE ), YIEE S BRI 2 L XM bias, X
jB"surface artifacts critique" (HellaSwag/WinoGrande) #[ "cultural artifacts

critique” (Global-PIQA) &3 miE—%k critique line —— pretrain era £ = #EMR-SH
Ui "commonsense” , NENE "TEFFE web-crawl FE&EHE ILAIZIL textual patterns”,

ARC ik : M5 EN

ARC (Clark % 2018) E3%E 3-9 R 2 X Mk 4 1% 1 MCQ , 3+ "challenge

filter" (IR + PMI XX baseline #&45) fii 2,590 #i{E-A/ Challenge Set , 5 5,197 S
Easy Set &%t [ clark2018arc], Llama 3.1 405B #£ ARC-Challenge & 96.1%
[Mlama3card] , Easy JLFEITR, HAAMIFERS NESI—BRR ATFRIFERX. ARC
corpus 2 web crawl Bir 4B, length-normalized log-likelihood & 7834 Spp E&ETMUF
3,

ARC "$ KRB 'S REEARTENE , MAEM R : (1) "Easy/Challenge” Z 4 1E24 2018 4
baseline 3 E ARG , AL X 8 48 NLP BES1EKT , &2 scaling law SCHEAS IR AN
FEEY - KAERY dataset" ; (2) ARC-AGI (Francois Chollet &%) 7£ 2024-2025 EH /2R T
ARC INEZF (BRTALETLAFMW grid puzzle) , FEBELS AERK G EME, A=
ABIF ARC-AGI , RAE BT 6 = live / agent K.,

0. BBH : CoT K{YH)" X reasoning"#tF

BBH (Suzgun %, EMNLP Findings 2023) M BIG-Bench 200+ {£4-h i "prior LLM <
average human-rater" f{] 23 1% , B{E% ~250 4 , ££ 6,511 @ , FTEMZ SHIE +
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LML BT [*suzgun2023bbh], ERIF 2 "CoT fEEME{E S emergent gain fIREME
UF#E"——PalLM-540B + CoT 7£ 10/23 {£%-#8 1< human average , Codex 17/23,

BBH 7£ 2024-2025 27 7 RN kBB A A MK critique, $— & invalid CoT {34 :
Madaan & Yazdanbakhsh 2023 "Invalid Logic, Equivalent Gains" SRUEB 7~ , BIM{EZiE B A
52 CoT t8E7E BBH L3k 51EHs CoT #H4[ accuracy 1828
[*madaan2023invalidcot], X3 "CoT 3£ F+ = reasoning 127" X—fa & %\ B ——BBH
) accuracy 5 reasoning quality fi#58. £ _28M5EX : F 2024 = frontier f&E7E
BBH _k >90% , Google DeepMind F 2025-02 #+ BBEH (BIG-Bench Extra Hard) %
$IEBE |, BARALLBBH E48F1 AR |, IBE BBH IE X {uEEEME KRR S MAMRA
["kazemi2025bbeh], BBEH X & 2025+ benchmark EEREIKEHITEA] : A2"Y AH
2", ME" SHUEFTPARE capability dimension MR FHMEE",

#t[X issue tracker 45 date_understanding / geometric_shapes @] ground-truth FRr5E

(Issue #14, #15, 2025-12 &) [“bbh-issues] , N_t BIG-Bench JRI&¥IETE GitHub KHL
FF. E5HKEHRATY (boolean_expressions 50 #l. hyperbaton 250 @l , B AEHARM
) , BBH Mt ia@M g ik . HA% A E—"CoT emergent gain E—iFiE"—2
ZFAREHNICHK , {BYEA frontier benchmark FSKFR A E 1L (24 BBEH,

T, TruthfulQA : inverse scaling R¥5 truthfulness #
honesty

TruthfulQA (Lin, Hilton, Evans 2021) HiTE" MR E RS T Ik AEE SR —817
BZEME R TN EE AR ER X, ZFFE mode (MC1/MC2/ Generation +
GPT-judge) [Min2021truthfulga), & E K AILEZ inverse scaling : GPT-3/T5 &% ES
BOK truthfulve M T , FoOETVE A" HAE{A T internet falsehoods, XS TE
RLHF / Alignment Bkt Rs , & "fine-tuning != imitation" Rk zZ —.

{8 TruthfulQA i inverse scaling &% post-RLHF B4 Jx ¥ —frontier f£EYf{) MC2 ik
80% , JR#4 "scale = less truthful" #5153 (F3L_EI7E R "scale + RLHF = more truthful")
[Min2021truthfulga), XASEARZ critique , T2 benchmark F4 R BERINE . BEIFK
critique kB =/ 2025+ T {F :

% —f MASK Benchmark (Ren %, 2025-03) : "Disentangling Honesty From Accuracy in
Al Systems", Ren ZRRHAIE truthfulness (REE) 5 honesty (ARirii) /T : frontier 42
BUZE TruthfulQA 254 , BRI "FEEN T et —REIRNAEE K , B4 ES
prompt B &M B {R{5 B[ ren2025mask]. MASK FJ 1,000+ scenario probe X/ 4
&, &I TruthfulQA S5 EYZE MASK _E honesty 4 154 8 (KT truthfulness 4

E. XEME TruthfulQA KR "are you accurate on common misconceptions" T4~
£ "do you have a propensity to deceive”,

%42 turntrout 2024 357~ gaming heuristics : f&&HK] "I have no comment" / refusal ZRE
A U ZFE IS truthful% , KA metric 5%l informative[*turntrout2024], 832 Truthful x
Informative S F§#R4E leaderboard _£& #{& 34 truthful%-only , %45 refusal-heavy #RIAR/
FRE. =1 safetywashing critique : 2025 £RIA4E Truthful QA %15 "safetywashing {&
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1E"—8 TruthfulQA S5 % ET safe #£5Y |, {BSCFRE RiM4EE misconception , AN
deception, sycophancy. harm[*safetywashing2025],

TruthfulQA KIIEE4R4& T inverse scaling %%, metric gaming, construct validity ambiguity
=% critique , £3C"safety benchmark = single number # honesty" &K &IFEHI , &1
8§07 MR T EE N H R E5I F.

7%. SIQA 5 ANLI : [f§5%2K critique

BIpR + A, =1%—
["sap2019300|allqa] ANLI (N|e %% 2020, ACL) &£ adversarial NLI =% human-and-model-
in-the-loop[*nie2020anli], FIH 1 8§03 KA BFMITMRW , BA :

« SIQA : Mousavi % 2025 "Garbage In, Reasoning Out?" Z&%thr/E SIQA dev set , A3
>28% BEARSEIEGRFE (4% structural, 18% semantic, 7% pragmatic)
[*mousavi2025garbage] ; Lyu % 2021 [E)#£UEEA distractors {35 lexical leak, SIQA &2
SociallQa-Garbage critique {3 , {EEA2Z Open LLM Leaderboard 1545 , 2lmE
ZRT &Lk

o ANLI : "Lost in Inference" (2024) ZF5H "adversarial £ Xf BERT/RoBERTa 5 "—3,
£ LLM E#ERiT R2/R3 |, 5% "adversarial"# A<~ H £ hard cases ; classical NLI 53}
£ LLM FE{E BT [Most2024nli], ANLI license /2 CC-BY-NC (A #4% B pretrain)
BEDTF 2023-10 1344 , EL L benchmark FépthEm EFE.

MELFEIRR—MREER : 24 benchmark &34 Z1E push FARA, HXFHSL critique
THERFRIT 30% fREGZIUEIERS , benchmark 3\ "legacy 457" HrB——1 ] /E4 smalll
model ] sanity check , {BAH & frontier signal,

+. 7\ : knowledge-era critique RI=F45

B _EIAR R F) 740 A — AN "critique stack” , XF 8§05 HIAEFI-I5 LR HE A LB THE X :

% —E — annotation quality : MMLU-Redux 6.49%. HellaSwag 36% (Surge Al), SIQA
28% (Mousavi), AGIEval / MMLU-Pro f] issue tracker R &5——X—EiEBA LB
pretrain era 28 benchmark [ RIARREREE A HIT T EAKAE.

% _ & — construct validity : GoldenSwag ] 265% answer-only predictability
WinoGrande ] paraphrase degradation. Global-PIQA f] 37pp cross-lingual gap. Invalid-
CoT-still- gams ) BBH critique, MASK ] truthfulness # honesty ##fj#——x— ZEuLBAEN{E
HEBRARIESE | "benchmark FEFRINEEEN" 5 "KFRBEMINAKIE S 2 RIFERH

misalignment,

&= 2 — data contamination + saturation : Sainz 2023 NLP contamination Zzi& . Llama
3 B#R 52% NQ &im. Lewis 2020 ] 60-70% test-train overlap, frontier #2Z47E
ARC/HellaSwag/PIQA/BBH _E >90% BFl——Xx— 22 805 KEhkis , AF R 1k cross-
reference,
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= J= critique f£[E]#EBh T 2024-2026 f{"reasoning-era 3%[@" : MMLU - MMLU-Pro 28l =
IRz , BBH -~ BBEH 2 EIRFETE , HellaSwag — GoldenSwag 2iE1EIKEN T4 |
TruthfulQA — MASK 24E17i# , PIQA -~ Global-PIQA 24y . &—Fh successor
EBXS Y —F4 critique M LFEREINY |, {BIRB T —FFRCAMI"E A base eval", #A1VEU ,
pretrain era ABFH" B benchmark = £ capability 21" reporting SGX1E 7 B R fiREA—X
IFR5E 4 W MARL/STEM benchmark IR & , 22 805/ 807 FRHLIE R
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5|F : M\ GSMS8K %I ArXivLean i HEW

¥ [ XES / STEM =3¢ benchmark ;2 LLM #E7E 2021 R iEk Rl  BURHRE
T (grade-school math, competition problems. Python function completion, real GitHub
PRs) . grader i (¥{E EM, SymPy normalize, Docker execution, unittests)
iE"benchmark = capability score"ix—{Ri& A ’ﬁl;lﬁ 8§03 &R / HEEL T RN T EE. (BRI
FAX=/MFR , pretrain corpus EP"%&%E il + {85 PR + SJAZR"MRAFENRK ,
contamination 7£3X B MAEIA N1 3% ; RIS frontler¢§ﬂ$9ﬁ" e | RIS Ed b ERIR
benchmark f)" ¥R HA & 44

AER"BIRRNL AL : %% GSM8K ~ MATH - MATH-500 -~ AIME - FrontierMath &
BXMERD#1E5 | BT GPQA f{)"google-proof'#& ¥ . HumanEval+/EvalPlus iz F 51 1%
3% LiveCodeBench #] rolling #iMX. SWE-bench-Verified "Bt HIFEAREN" , &E4A
MathArena Platform, LemmaBench, Soohak, EternalMath, Riemann-Bench fL/™ 2026
7 benchmark —E &38|, 1945 "verifier B benchmark5X—BF X ta#, A= RHEE
mUE benchmark WiTE ¥ A5 ——@UFEE . grader iXit. governance X ——MIFLTFE
#1E , TRRRMEREE Part | KXV ET,
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— . ¥EAMEE N - GSMSK —~ MATH — MATH-500
— AIME - FrontierMath

GSMSK : CoT ST BREL"

GSM8K (Cobbe %, OpenAl, 2021) FZOREAFERBM A : 8.5K E/NF L FBE AW
M, LRIk verifier @& R$TH + HEF "X — verifier-based scaling gz BERE
ORM/PRM, process supervision, RLHF reasoning B3k cobbe2021gsm8k]. GSM8K
Wt EBE=AEENZHNEHE - (1) BB METF 2-8 H12H ; (2) BRAEHET EM B
S ; (3) AZKTEIE 100% (SLFR¥IE ~95-98%) . chain-of-thought prompting (Wei 2
2022) RIBFEMIEIEMZE GSMBK 18I/ , FHILEEE T GSMBK £ 2022-2024 JL. V&
B LLM 3R F BHAL.

{H 2024-2025 GSM8K 3 )\ "saturation + memorization"S{E ik, $H— K4 critique 2
Mirzadeh % (Apple, ICLR 2025) f] GSM-Symbolic : £ GSM8K #1B B4 . ¥,
WESEEM |, frontier 125U accuracy T , IAANALRMEX clause BIF[ERRZZ 65%
HRE T FE["mirzadeh2024gsmsymbolic]. XAMERE BT "GSM8BK 54 = $FHIE K
ER—BARVEAEMRSHHE | WBRTKXB AN FEAEIRE., /4 E Zhang F
(Scale Al, NeurlPS 2024) f] GSM1k : T2 F{THRIFEIRE , AL MERIR L GSM1k
A%tk GSMBK K% 8pp , &AM memorization S E["zhang2024gsm1Kk].

GSM8K B/ repo & F 2026-04 1344 (read-only) , Z¥HI/E math leaderboard
(codesota / BenchLM) F 2026-05 & GSM8K M NAFEFRT 5[5, GSMSK [F &M AR
small / mid-train [y EXf ablation sanity check , L& "reasoning vs memorization "t /5]

FIRK.

MATH 5 MATH-500 : £3%4k + F&48 PRM 7EISE &

MATH (Hendrycks % 2021) M GSM8K Bt— ¥ E——AMC / AIME 2k 12,500 3 ,
[t 5M EfK] AMPS §BhTYIIZkEE (OpenWebMath / FineMath / Proof-Pile f¥51#4H 4% )
[*hendrycks2021math]. WIAZEHT : (X KRAIETTIAERTRIT , FEHN BN
B, ABRITE¥=R - TR, 5 KMEEMALE ability profile, AMPS 38 ")
5 S ARG

MATH-500 (Lightman %, OpenAl, 2023, "Let's Verify Step by Step”) & PRMB800K JI[£k
process reward model f5 )\ MATH test set it f{ 500 @i EF& , B EE{K PRM best-
of-N F{HATT S A< [Mightman2023verifystep], 500 XAMF R4 TG (/N 1-
pass eval, RZIZitF8E) , OpenAl i} ablation BIFH AN, #X[E/FIE MATH-500
UE MATH R EF , 77 R1 (DeepSeek) /ol BfRAA reasoning RL YIIZRHAZk AR

#E in-process metric,
MATH / MATH-500 = #[E critique stack :

% — , functional perturbation, Srivastava % 2024 ] MATH() 1B B ¥4k, , fERIIEE
AU _FINEREI 58-80% ) accuracy drop , -5 GSM-Symbolic [FI&
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[*srivastava2024functional], XEZEH MATH 5948 Y4 —IZf4 R T surface form pattern
matching TMIEE IR,

% |, training set contamination, MATH iJllZx%& 7,500 24 iz LLM TRk
corpus, BenchmarkingAgents 2026 f{] partial-prompt completion I 5 & 7x Qwen2.5-Math-
7B #£ MATH-500 34y BT AN {E % LA 54.6% EM R Tk 40% , 2 KAARIEIZH
SKiE[*benchmarkingagents2026],

%=, saturation + indistinguishability, GPT-5 (high) £ MATH-500 _E &, 99.4%
[Martificialanalysis-math500] , 03 (high) £ full MATH _E 98.1%[*codesota-math] , frontier 1%
A7 B EIEE & A\FFEIERE, BenchLM math leaderboard &3 MATH #x:A"effectively
saturated” , FEH{ES EMAB M benchim-math],

MATH-500 ORISR E N IET | BEE"PRM-style process supervision ¥l "5 AR AR
I , #H—1X process reward #E! (1 PRMBench, ProcessBench) JLY-#F7E MATH-500
bt | X— gAML IELLE] reasoning model Bf{X,

AIME 2024 | 2025 : = EEINEEOFS

AIME 2024 / 2025 A< 2343 1 "8 3T benchmark” , 238 American Invitational
Mathematics Examination FIfEE M (AIME | + 11 x 2 = 60 1) {E1E=FRMFHIrAEE S
["dekoninck2026matharena], B /H"# LLM 1" 2R HLTY

+ 2023 3k : OpenAl ol preview jE7R AIME 2024 ~74% (pass@1) , EXit AIME 3\
LLM &+,

o 2024-2025 : & frontier model Mg AIME 2024/2025 , AIME i A "reasoning SBT3
1" IR FeFERR.

* 2025-2026 : AIME 2024 £ ol JlIZk# L 2 J5{E GPT-5/ Gemini-3 Z & , B/ iZA
TYlZk + RL ; AIME 2025 %45 2025 SFHBLEYILRIIETVEE T T ~6 N A "KiIsREA",
31 2026 BRI,

+ 2026-05 : MathArena F&IE I AIME 2026 / USAMO 2026 3#HE , AIME 2024/2025
M"frontier metric"}% 4"legacy metric",

AIME TR ERFER = : (1) 60 8 (30/&) pass@1 %ifE1{X ~3.3pp , 4&it noise KX ;
MathArena ZXZE /D 32 REHEEECEY ; (2) @i 5fig K= H IAE Discord / AoPS / Codeforces
WIRIEREJIZK corpus &, J5E AT EE % ; (3) AIME final-answer 5 USAMO / IMO
proof-based J& i§ "final-answer vs proof"f{] false dichotomy , RIEE S5, ANNERREE
7$1. MathArena HAFE 2026-05-12 "Farewell to Final-Answer" 13 BEABIE AIME Z£ final-
answer benchmark g 4"effectively solved by Al" , IEX, deprecate[*matharena-farewell],

AIME 2024/2025 BB RIS T "E R E B benchmark Fay"f— AR : ERAFUEE ,
BREOFFIEXA ; 6-18 N A /EEAHNERIINL corpus ; REEEREH
contamination diagnostic MIEKHA capability metric,
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FrontierMath : fff3tZ%k + governance $iY + B%#& 1/3 fatal errors

FrontierMath (Epoch Al, Glazer %, 2024-11) HI&ITE R "HIE Al ¥R &R

U ——RF S EBUNSS (Tier 1-3) EEUE (Tier 4) AREMAMEA , FTH#A unpublished
originals BARBMTIIZE5 2e[ glazer2024frontiermath], 3L & #lt SOTA ~2% , FfysL "4 %
ceiling"fE%. 1B FrontierMath 22777 2024-12 & 2025-01 f]"FrontierMath scandal'——X
£ 2024-2025 benchmark governance 118 F S EE K ZEF .,

EHEZ 1 (1) OpenAl BBIT FrontierMath FF& , FFXF KE @B (fk—/M&IHIL hold-
out) #AE VIR ; (2) Epoch Al K7E contributor RS EXHH % OpenAl #Ef) , {XFEM k&
¥ OpenAl A~ Baifi)llZk ; (3) OpenAl [EBF1E 03 A4 L3 FrontierMath 25% AZR{EA
HREMRER., HXERAEASHNEIESL. benchmark independence 345,
contributor &N15EE A 7 4y [harris2025scandal][Messwrong2025lessons]., Hacker News
5 silicon Reckoner BT84 T f54% Riemann-Bench / Soohak %4343, governance
benchmark %11 3h#L[*hn2025frontier],

BEERFTH AL TE 2026-05-11 : Epoch Al /045 Al-assisted review &3 Tier 1-4 Fh#4]
1/13 BB 74 "fatal errors" , BRTEEATLE , AT BERAEEHRR A ; HAT
leaderboard ¥R/ # #1241 provisional[*epoch-tier4-2026], X& benchmark Big4t X 5™
B —IX—7Ft MMLU-Redux # 6.49% &—MIEXK., REZD E RERFE AL S ¥
PABAE (RR{EERWERIEN Al aERIzNRIER) |, B84 & hold-out #MY S E community-
wide $5R RAIRIEIMIERE 12,

FrontierMath AR E Y IMAEF EARESLE , TFE governance EHFIAE : sponsor
disclosure norms. hold-out set 42 . contributor &11%[EZ.. benchmark independence
—— X EAE 807 ARPRLF AENZORFIREEI. NikitAHEF | FrontierMath
RET"MRE + AE + RIREI ARSI | B3 #4LE Soohak (% contributor) |
Riemann-Bench (&/JME&Z&E + T2FH) . MathArena (AFF + B%E) =7 governance
BRAE.

— . GPQA-Diamond : Bl=EhRE " google-proof " A G E (A

GPQA (Rein %, NYU + Cohere + Anthropic, 2023-11) 2854 /KF. F# "Google-
proof' ) STEM MCQ benchmark ; Main 448 @l , Diamond F£E 198 Jl—fiEir R "B
fiz PhD #p& 3t B <1/3 Bk FIEERE X" ["rein2023gpgal. XA INEEB= : (1) TKd
B+ LREFRESHEE ; (2) IEL KT web 30+ 448{X 34% , £ 65% (FIkEIREE
J& 74%) , SKIF "Google-proof” ; (3) MCQ EXET B 3IFEN{E{IM. GPT-4 baseline
39%. CoT 47% , iJ{&TF PhD 65% , 32 LLM 5 PhD ZfEA{AE{,. OpenAl ol (2024-09)
/ 03 (2024-12) i GPQA-Diamond E"{# 2k #IE "#54T , FF/3 reasoning models #E2: .

3t )\ 2025-2026 f5 GPQA-Diamond 3 \ #1F1——Gemini 3.1 Pro 7£ 94.1% , frontier #5#Y
ZIBE 1-2pp % A\ XHEFE["epoch-gpgal, XAHAZ[E# , {8 Epoch Al ] Burnham
2025 "GPQA Diamond: What's Left?" #5417 IR A 7A1E critique : Organic Chemistry
Diamond 3 70% (SKFREE{N 36%) , FFIEEEAUFEAF [ burnham2025gpga]. =
B 2"Diamond HIXE"1ER AF2 B _EH organic chemistry f1JLHBURRE , BIARRELAEHAthF
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28 (20 Bio, Inorganic Chem, Physics m%kdl) HIZEREE/N. X—AIMIE"GPQA MK 2
PhD-level reasoning"Zf14y 41"GPQA &) & organic chemistry + 343 quantum mechanics
i) PhD-level reasoning”, Epoch [EBS#R7E ~10% [a) @AM £ (40 stellar spectroscopy
2438, bioinformatics @3 M) [*burnham2025gpqal.

GPQA -8 —" "google-proof &ix" A E critique : X4 frontier #£%Y >90% B} , LLM E#8
TIEL 5K + Google i 34% LR 3 5% ——XEZ k& "google-proof" fRIAE X ("IEER
A Google thZ&ARHE") X LLM ABHENX. FE v2 8} held-out server , {H 2026-05 {57
v2, Diamond {¥ 198 @l , 1-2pp ZiE21E binomial Cl I35 N [Nintuitionlabs-gpgal.,

GPQA i B R— N E B : MCQ-based 8l benchmark &4 52fRF organic
chemistry | quantum mechanics XF"BIRX AR + ERE—TTRIE"R USRS E.
—BZF OB RIE | B benchmark RRIRX 5 EIMERBSE., X555 8§03 i MMLU-Pro
HRRG (FEmOARLESE , NEMMENRE) .

=. {t83 : HumanEval/MBPP - EvalPlus —
LiveCodeBench

HumanEval : )\"unlikely to be in training data"%l] saturation

HumanEval (Chen %, OpenAl, Codex paper, 2021) F] 164 & Python function-completion
D12 execution-based code eval fit s [*chen2021codex]. #&itzh#)l, : "unlikely to be in the
training data"——OpenAl staff F5 A % LeetCode / Codeforces 25N FF R ERI5 Y |, 3
X pass@k XM £ unbiased estimator {345, HumanEval fi, MBPP (Austin %,
Google, 2021) B ~1,000 crowdsourced "basic Python problems" L[5/l 2021-2024
code-LM H)ZESLAR HE[Maustin2021mbpp].

1B HumanEval/MBPP B Z[a)#lfE 2023-2024 # ARG RE. %F— =& HumanEval+ |
EvalPlus (Liu 2 2023) : HumanEval & test suites X#HL (164 BISFHAE] 10 4N
%) , EvalPlus A mutation testing + LLM 4 a3 AIAEY 80x , &I frontier £ FY
pass@k Ff& 19.3-28.9% , 3F re-rank 7 ZMERI[Niu2023evalplus], [EHE MBPP+ B4
3 MMRRY™ ~35% , & 5-15pp. XERKE HumanEval/MBPP " "ThEEE " 2 REIN
W HThEEERME—N JLA corner case M , K@ "KARLEHM AT . EvalPlus Bt
A code-LM UK FR M A SIAR RS S

% _ =& contamination., Riddell & 2024 £t HumanEval / MBPP 5 Rl Zk
corpus f{] surface + semantic-level & , &I, memorized subset /¥ % & =T non-
memorized subset , 2733F S A EAISLUE [ riddell2024contamination], Jain £ 2024
(LiveCodeBench paper) E##1S HumanEval/MBPP "are no longer sufficient"——24
frontier #2514 pass@1 >95% K} , benchmark A~ B EEX 4 BEF1[Njain2024livecodebench].,

F1] 2026 4 HumanEval / MBPP £ "compliance baseline"——7E frontier model release card
F{HIL , {Bi%F ranking Z X, HumanEval {152 f 2 execution-based eval ST
BEE (Codex paper §] pass@k unbiased estimator Z 432 JL & code benchmark [
metric) , EvalPlus EEREERRIFIE(H,
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LiveCodeBench : rolling-release 5o\ Ik

LiveCodeBench (Jain £, Berkeley, 2024-03) fz/ & TR F A2 @R

(LeetCode/AtCoder/Codeforces A FT4%) , M2 release-date filtering protocol—&
BFR release date , TE{EEHRIEEIE] training cutoff 13 & R #1 post-cutoff @ , MM
&"contamination-free 14" AL i — N A AL AT EI MY [Njain2024livecodebench], X—1
4% SWE-bench Live, SWE-Rebench, MathArena, ArxivMath £384k% , 2 2024-2026
live benchmark Se\fA4E. LiveCodeBench fRAE S : vl (May 2023—Mar 2024, 400 1)
- V6 (-Apr 2025, 1,055 #) , A ERIFILELZE 2026,

LiveCodeBench i EfR L [E Ak H1X4 protocol, F— , JEFE (LeetCode %) A5 iitim
— iR R 1E GitHub README. Discord, blog ¥ HMRNEIL , contamination-free {fIiF
EE A& cutoff filter, 55— , competitive programming @4 i) algorithmic puzzle , 4~
K& repo-level / agentic engineering ; 5 SWE-Bench-class N ECxt{# ., =2
LiveCodeBench Pro (2025-06) (&3 : 10I/ICPC medalist #xj£ T , frontier #ifY 7
medium #@{X 53% , hard @ 0% ivecodebench-pro-2025]., LCB-Pro &7~ LCB RLeth"id
&1 implementation polish"——8ES H &€ compile + F4 BT D , BRZ IFE
algorithmic reasoning,

LiveCodeBench & 8§06 live benchmark TR <586 F , 7ZR SHEER
HumanEval/MBPP 3 R FrEkT .

SWE-bench-Verified : 23EHFEARAE

SWE-bench-Verified RiiiEm Xk EIH. R SWE-bench (Jimenez %, ICLR 2024) IEE R
GitHub issue + PR pair £ A repo-level engineering task , Claude 2 24 B{Y 1.96%
[Nimenez2024swebench], OpenAl 2024-08 release Verified +8——500 45 93 {3k
T2 AL audit , 5% ambiguous spec / broken test / unsolvable issue, Verified HiE i,
25 2024 H2 & 2025 i de facto agent coding benchmark : Claude 3.5 Sonnet 40-50%
mid-2025 TiZk 70%. Claude Opus 4.5 #z 80.9%,

{B 2025-2026 Verified [ validity 524 g5 :

%— , SWE-Bench+ (Aleithan % 2024) &Z: =11 Verified f{] "passing" patches : 32.67%
WX cheating (fiziR773HINFE issue report / comments F , AV HEFS) ; 31.08%
pass BT weak tests (A=A |, 5% patch tHAE pass) ; iTiEfE SWE-Agent+GPT-4
M 12.47% $5%1| 3.97%][ aleithan2024swebenchplus].

S, OpenAl RER audit : & frontier #EYEBAE reproduce verbatim gold patches , 2
contamination R EHAEIE ; BN 59.4% "RyERAR" [R) K] test case AN B 5kffH
[*morphllm2026]. X— audit AFFJ& , OpenAl 7£ 2026 Q1 AFF{=1E3R4%s Verified 5%K.

%=, Pro vs Verified 16-35pp £k : Scale Al f§§ SWE-Bench Pro L& frontier #£# 4y
¥EBLL Verified 4 16-35pp , $I4N0 Claude Opus 4.5 £ Verified 80.9% vs Pro 45.9%, X4
ZIE W E 5K A Verified (¥ contamination[*scale2026pro],
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SWE-bench-Verified £ 2026 2# 21T\ deprecate , BEHRFARE VKA —ER
"static repo-level benchmark #£ 12-18 4 B N#E " K& TEERH. K contamination
%125 MMLU 2Z¢£ MCQ 4[] : Verified Blf¥] GitHub issue + PR 7 web crawl 13| "issue
body + comment + final commit + test'{FTRERERXEIL , B LLM JIZRNRESE B Boxd
WEB{ES", X—mREFIKsN SWE-Bench Pro fi&it——GPL / §.4 / proprietary X85 + %
¥ES + K horizon multi-file patch fZE4 , #93R_EFE¥TYIZE corpus 83&.

SWE-Bench Pro : multi-language repo-level engineering

SWE-Bench Pro (Scale Al, 2026) & Verified f contamination-resistant %31 : 1,865 {£5-%&
Python/Go/TypeScript/JavaScript 41 4% , 4 Public (731, GPL/copyleft) / Private (276, 41
/AR EH D) / Held-out (858, R RMIFT) =44 , {5534 107 LOC x 4.1
files[*scale2026pro], &itE P& : (1) GPL/copyleft license B # i)l|%k data filter HE
% ; (2) Private 252 unreachable [ proprietary code ; (3) SKfr LFEMEE ({8 ambiguous
spec) ; (4) o E 3] Docker testing,

Pro 9 Public vs Private subset ZE AR S #{E>A contamination diagnostic {5 5——Claude
Opus 4.1 £ Public 22.7% vs Private 17.8% , 4.9pp delta B7R~i)l|Zk corpus H—E leakage
{Biz/NT Verified B, Pro f critique &£ £ == : (1) scaffolding sensitivity (mini-SWE-
agent vs Claude Code vs Devin % swing 10+pp , agent harness 5 model {3244&) ; (2)
{¥ 485 , Jt Rust/C++/Java ; (3) Held-out 858 /A A]4MEB audit, 1XLE£2 "contamination-
resistant successor" R EZ AT ——BRAE vs ri54eY) trade-off,

P9. 2026 FEFEFHEA =R : MathArena / LemmaBench /
Soohak

2026 FE¥% benchmark 13 \ "benchmark-as-platform"B4t, , B3 =Nyh3r 5 B 4338 live
research math" MK AR~ B4 &,

MathArena Platform : multi-stream rolling

MathArena (ETH Ziirich SRI Lab, Dekoninck £, 2026-05) & benchmark F+4& A3FE44 1
TEMERERE , 5 KIFITFIR (1) Final-Answer Competitions (AIME 2026 / HMMT /
BRUMO / SMT / Apex) ; (2) Proof-Based (USAMO 2026 / IMO / Putnam / IMC / Miklés
Schweitzer) ; (3) ArxivMath (& H ~40 @ , M) 30 X arXiv #2#18 3L abstract T 42 £
final-answer @) ; (4) ArXivLean (Lean 4 JEZ\IERR) ; (5) BrokenArxiv (&&= R UL
#IEE M) [Ndekoninck2026matharena). RITEAE= : (a) 5% saturation ; (b)
Petrov Z 2025 "Proof or Bluff?" &I, frontier £ 7 AIME 2025 & 90%+ M4 USAMO
2025 proof FE4MX ~5%——final-answer 5 proof B FANBE N4 B EE N BTN
[*petrov2025proofbluff] ; (c) arXiv B ERNZA £ XX post-cutoff FiR,

MathArena £ 2026-05-12 % #5"Farewell to Final-Answert#3C , E3IEHEBZK flagship
Apex set i # GPT-5.5/ Gemini 3.1 Pro #8401 , =#E proof / research / broken =i
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[*matharena-farewell], X &"benchmark 43775 £ 3/ deprecate B HIEAN "KL NEHF , 2
8§05 saturation 118 HIAREMESE 4.

MathArena A58 E X FET : BIE"single static dataset — B¥{F leaderboard" (]
reporting 35,20 & # A "multi-stream platform — BEN4EE profile”, & B ArxivMath {¥ ~40
B, B{EXATE (+5pp E%k) , 1HZ AFIHFERE ; proof judge K #i LLM-judge X F) + A
T , IF F15r EM M "moonlight-matharena].,

LemmaBench : B#AEE proof + LLM-judge

LemmaBench (Peyronnet, Gloeckle, Hayat, 2026-02) ;{12 ArxivMath FIbik & k——&
A M arXiv BEETRENZAAN lemma |, 18T LLM BB "50% T8 30 £ T U IBE B 4 T4
BASa@ , ik LLM 4/ proof , A5 LLM-judge & 5 FIIE
[*peyronnet2026lemmabench], 2026-02 iteration jifzs 677 lemma (81 TRENAS , ~60% &
i& self-contained filter) ., SOTA B#R ~10-15% pass@1.,

LemmaBench fx881% 1T 2 autoformalize-lite AER Lean EERES , MEA
LLM 38 lemma M EA"BBE"BAES A, XEHMEL ArXivLean / miniF2F Rz 8447
% , trade off & LLM-judge 5| AEWME (44 % spot-check 1 judge 5 AE—%x 67-
83%) ., F—FaE £ generator + judge [F]J——GPT-5 generator + GPT-5 judge g 15%
vs Gemini 2.5 Pro {X 7% , &)\ leaderboard fi#i, LemmaBench k& T "arXiv lemma
{Ri& all preprints are correct" f{] sycophancy &% , kEBAIMARRA 5 lemma—X 2
BrokenMath / BrokenArxiv / Soohak Refusal JLANT B FTi&R~H.

Soohak : 64 #F KA + Refusal subset 413

Soohak (Son, Kim, Arnett % 64 7 ¥% 2%, 2026-05) HF T 520 AL : Soohak Challenge
(340 &l , Bf5TZK). Soohak Refusal (99 &l , MUEMIEXF & / TR / TTAFH RS,
MFERREREEEE) , A0 Soohak-Mini (702 #1, olympiad-graduate), 47 SOTA :
Gemini-3-Pro 30.4% (Challenge) , GLM-5 49.5% (Refusal, Jot&E! >50%)
[*son2026soohak].

Soohak i FIECE AR = : (1) 64 u¥FRABME L FrontierMath "8 R 4B
"M ; (2) Refusal subset # sycophancy M probe FZkA first-class evaluation——
90 BB RE" (FEFR I ISR | NEEM | 5% FEM) |, ground truth Z1EHY
R/ "this problem has issue X"gk#E28E% . Refusal subset R &K B BrokenMath
(2025-10)["brokenmath2025] #1 MathArena BrokenArxiv , {8 Soohak 25 —/ME refusal /£

KPR FE + A3 metric T 4E.

The Decoder 2026-05 fHR1E A K4E : FToAERVLE Refusal _E > 50% , Qwen3 ik < 3%
——3< B frontier #25YXF " B R TTIA KN A 4L O["thedecoder2026soohak]. X 2026
F 807 T2 | TTIAFITHE AZ O SRIE,
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EternalMath 5 Riemann-Bench : ¥p2YeREFAR

EternalMath (Ma %, 2026-01 v1 — 2026-05 v2, 782 #l) £ 55—+ live math benchmark——
ARILICP T HITRIE WIMEN | EEER |, IBENRERSHAER (AP EHRITE
M) , B3 SymPy / {&H oracle B3h4 /¥ ground truth[*ma2026eternalmath], %2 proof #
E{B%k15 scoring B, EternalMath IR T3#k T 9-category failure mode taxonomy

(knowledge gap - hallucination chain, boundary neglect, calculation drift %) , $R%"%
L compounding chain e\ &4 "——— knowledge gap fihi A& f[54L hallucination +
calculation drift + boundary neglect , IX—X 3R f54:4 BrokenMath / Soohak 3| F{E A "over-
confidence cascade"f{ISRiE,

Riemann-Bench (Garre, Knutsen, Mehta, Chen, 2026-04, 25 #@if.H) £ &g 4 \{EEHA
fA. £FF8. EdH Ivy League R / IMO X813 TIRE¥E |, FiF frontier 28 < 10%
[*garre2026riemannbench], XITEE : "tEF /D - RNEBEREJLERBE ~ governance #
4", 5 Soohak (64 1) AT iRE X E——% contributor 127 (B M 2
contributor [E}XIRPMUARA ; B/ MEE SRR A4 EELK XA KM, Riemann-Bench 2
ceiling indicator ("Al fATBFEi#f 10%") , n=25 ANBEMUEE N HELZ .

T, "verifier B} benchmark" RIBFFTtEH

L ERA 2026 FiEWE (MathArena £ 3. LemmaBench, Soohak. EternalMath.
Riemann-Bench) j&—i2%& , ] AREREI— AN HRIKEITE ¥4 M © benchmark BiZOAR
BREIE , ME verifier, B{K3KiR , benchmark #&iTFHE"SR mining + BERIEE
B R TREEEEER T ATE H"— MathArena i arXiv abstract mining + LLM-judge
¥, LemmaBench i self-containment filter + step-wise LLM-judge. EternalMath g
template instantiation + SymPy oracle., Soohak Refusal (] ill-posed #xrjE + judge HEX , #p
£ "verifier B} benchmark"f 3241 .

X—EHEENERS Y

1. BECHFR AR AIRME. 24 verifier pipeline TG , 8 B o] {RBAR MK+ |
benchmark FF45 "85 1-2 " "R _ETIR". KH =2 verifier BN
RA RS,

2. judge I verifier RIS R h <482 critique &£ /. LemmaBench Bk 67-83% LLM-
judge —3& . MathArena proof judge F Y. Soohak Refusal i LLM-judge #iER—
X F S 2026 FFRINTIRILITIC , T ICLR/NeurlPS 2026 2t L%

I 7"benchmark verifier audit"£ @ T{E (appendix =23 25X%| PAM / JECS / Prescriptive
Scaling =/ #85% framework) .

3. process reward model (PRM) 5 benchmark verifier fRRPRIER. GSMS8K [ verifier
753, MATH-500 # PRM #ill]. LemmaBench i] step-wise LLM-judge—E {1 =]
—Z%E" reasoning chain T "EA&HE , F >k benchmark 5 reward model VIl 2%k 35 ]
BEF R mA A,
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4. governance | contributor consent / sponsor disclosure _tFR7 58— & WE .,
FrontierMath scandal Z f§ , benchmark i3 #4502 FF funding, access agreement,
hold-out /MY ; Soohak / Riemann-Bench / MathArena S3E:X 45 #1430 prominent
position , 53k NeurlPS D&B Track $FE 4 governance 24 first-class criterion,

XA 2026 FEAESEE §03 FANIR / #3E 3 benchmark #8bt , RAKAEAREMEE |, T
2 benchmark &it2<8 \"H B "#H " pipeline”. X2 LLM evaluation 77E S HI{LFRER
T, JAEET (805 saturation/contamination, 8§06 live/agent paradigm. 807 future

debate) ¥ fEX—EAl LRI,
5| A
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5.1 fEFIEIR : N R ARE IR

LLM BN =+ERFTEEEE |, 2023 - 2026 2% — kBI040 s GRS mIED
71 benchmark BAKISLT. 5% 3. 4 ZEELNMRSHIEM AL N HNERR : MMLU £ GPT-
4/ Claude 3 B TRFE 88-89% X[A] (-5 MMLU-Redux 6.49% (&8I S 4 , Bt
AEEZR FRMAE 90 £F) [*mmlu-redux] ; HumanEval £ EvalPlus & 80x ik f5
pass@1 {JiA] X 99% [“evalplus] ; GSM8K #£ 2026-Q1 B4 FHT— S / TRV HER
99%+ TV IR, IEX=REAPHERMER |, BWHAFHFE"BEREEE"HWBEER , TE web-
scale 2FF benchmark R 8R651E .
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18 2026 fiA T4F15 2023 A CERET =M AL, , EIHEEFARFHRNAME

F—E2MMPYUR. HumanEval, MMLU, GSM8K fEAR R ZIMF{EIEE AR —
HumanEval & 164 B AR EHL TS , MMLU 24585 prompt BUBMEIE_EFRSIZE 90
PAT , GSM8K B EH M EM (3% LiveBench 4 & &£ "language + arithmetic"f] &
B4 ) B4 reasoning-era AT, (I EHR"benchmark 450" KIVE KT AR A
2 ceiling effect, annotation noise, &R ELAENIMEX = F HIH—,

E_EAMPNEIEE. LiveBench $EEU— MR EBREHIE : FAN Y "delay
saturation" ] contamination-limited rolling benchmark B &t 71445 IR 2 — 2026-05
leaderboard _t 03-mini 0.846 / Qwen3-235B 0.771 / Kimi K2-Instruct 0.764 &43%3 0.75—
0.85 [X[H][Mlivebench-lim-stats]. #tXFF45H "plateau” TMIE "saturation” AR X MK
["plateau-2026] , EE R "XN ENEESE A Ha mitixEEISE0cBR". X% 8§86 118
live benchmark 77758 WGR T RE « RE SR MFTE " XFHEMY RFEA R R L
NES RSy

$=/2 SWE-bench Verified "SRV T"FHA BANFRIZMH T — AT 148 case study,
2024-08 OpenAl % #5 500 @[] human-validated F£ ; 2025 H2 #& SWE-Bench+ (arXiv
2410.06992) R S:&R 32.67% "IN "#MN T F2HIE issue comment FRittt{E gold patch
31.08% 1813 553 [*swebench-plus] ; 2026-Q1 OpenAl {%=1E7£ model release card F 1R
Verified 53%%. BCLEM Scale Al SWE-Bench Pro & & 16-35 4NA 4 = [ contamination
gap — Claude Opus 4.5 7£ Verified 80.9% / £ Pro {X 45.9% [*morphlim-2026-pro-gap].
Verified LB X ARETE "SR , MAET—F benchmark $1£4t# (OpenAl) E3z)
B benchmark BT — X2 2024 Z 5i#FE A%,

5.2 22 contamination 3 f#ik : Sainz, Magar, Golchin
5 n-gram {RiX

Wit 2026 FFTIERTNIASEIEA M contamination LA TTIECRE S EXZIEERE. =%
FRBKIRE 2022 fREH R

Magar 2022 (NLP #E{# ] contamination EE&)[*magar-2022] & /& 48 "I 2kt DT i
IR : B X exact match memorization 5 paraphrased memorization PijF#
contamination 288! | JFFEH{XF exact match £ REMEERITRAE, X2 /L
paraphrase / semantic contamination 8 HI#C /.,

Sainz et al. 2023 (NLP Evaluation in Trouble)["sainz-2023-nlp] i@t F5h black-box 1R

&3, ChatGPT R £ 14 BIG-Bench / GSM8K / MMLU fEF 1 E |, 454" AR + web-
scale ¥UE = ANAJ ) contamination"15E— 3 RSEWIER, X5 EMNLP 2023 paper £ L
MV R3] &3 %I decontamination pipeline Rt — Llama 2, Mistral, DeepSeek Z#pFF44
T ST benchmark i 13-gram filtering"{E A FREL.

Golchin & Surdeanu 2023 (Time Travel in LLMs)[*golchin-2023-timetravel] %11 guided
instruction R4t : 1EARBVERE Bk IR split/ Bk [ BUEELLEMIRR , BEFIKMEELE
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A %03 benchmark @B HFEE". XEHZEXIET FLER Min-K% (Shi 2024)["shi-2024-
mink]. Min-K%++ 5 ReCaLL % membership inference P&k,

=& BIES EEZR—MES{RIX : contamination EF#FE 4K (exact / paraphrased) I,
% , 13-gram filtering i1 membership inference & ARINLE KL HUtR. XMBRRZET
2023-2025 [8) JLY-FTFA pretrain corpus f{ decontamination pipeline — Im-evaluation-
harness ] decontaminator . Al2 f] DCLM filter, Common Crawl decontamination
scripts Z#pZ 13-gram HIAS[A] wrapper, 2026 LA IRCRE , B 4 RILIEEARKN
paper BXEBTE T XMRIR.

5.3 2026 FZX] contamination 7 JESFIR A : 4 KIEATHE
53

3 2026-02 Z 2026-05 [B] contamination 7% paper $f#ekE , M T — AN /EW N %
R : 28 FEE dataset owner it (active vs passive) x &7 model TE fFABER (ex-

ante vs ex-post) ., BEHAELHE—NRIRFFXTLH n-gram BRIZAE AR KX,

5.3.1 Soft Contamination (Spiesberger et al. 2026-02) : i&EX&E
X

Spiesberger 2 embedding AB{XEXT OImo3 llZk corpus £ 21 , & CodeForces
78%. ZebraLogic 50% M8 B 7EVISBIRFFAEENER , £5B# 13-gram filter JFiz
[*soft-contam-2026], % XHEMETFNE : 2 fine-tune B benchmark & B & XL
BEMSE , ™4& held-out (IR AFEEMERNEER) FENEREHLBERTT.

XPMEIANTFCENERE. REENE"IA decontamination TAHRK" , FE
embedding-based filter %M, REE X NHE 81.2 IR HE "benchmark {55 & "TEZ2HEZIR
H : ¥—EBE web EF 78% HIEXEEFRE , benchmark IR HHE S " FHRMEF
F| transferable skill" 25 BLU4E1. W3CH3E framing FRE : "YFT/AFF benchmark _+
R EIREEEITITM , Y —E045 kB web-scale YIZAEHIERIENEEFRE", X—A)E
AETE 2026-Q1 PN X 3| &K Twitter 131838 Bk T % ¥x B HA paper [*plateau-2026],

SEITEMEN A fE5 R 1E CodeForces 5 Zebralogic Fi~ benchmark SSill] , 4MEZ
MMLU / AGIEval / GSM8K 2 &R 78% ELRAKE ; & XEEHK held-out 12 A "2 (a)
shallow recall \ZIHE Az .. &2 (b) HEHILBEKSFF transferable skill , paper f)3R%
WITTIEIER B2 AT, —METFEEL paper IRFAIKE Z A Quantifying Test Set
Contamination [*quantify-contam-2026] #) scaling-law #EZEXJ bt " 4% contamination” 5 "i&
SRR contamination™ £ loss %k _EZES — B8 O #OERR "84 replica BPA] 1L loss BRI
RATHPRZE" |, FENENB KNG 2 FF e,

5.3.2 Cross-Context Verification (Song 2026-03) : B&{TAKLE

CCV WX E | SIEIMA A IEM IS M RSN « "string-level / probabilistic / paraphrase
%% never directly observe whether a model reasons or recalls — B2 [A13ER4ET"
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["ccv-2026], Song HIIERZ EFEMEITHA : £ N NMIL session it ERRR—EH ,
contaminated #EE L kit &5 E—3 (perfectrecall) , clean RIS HF R E
variation, 7t 9 & SWE-bench Verified x 5 trial i{] Claude Opus 4.6 357+ 3% perfect
separation (Mann-Whitney U=0, p=0.012, r=1.0),

CCV 83 surprising ) — 2k 432 33% BXA prior contamination labels &£ false
positive, ISFZMFIEE] B SWE 2K context task 37 , EkE 8§5.2 /M4E8H Min-
K%. Min-K%++, ReCall iXZ membership inference 75i%7E long-context _t 43 [B] &g i
Bt (AR1E reasoning 1 kM i 24 contamination) ., CCV [FAf#R%E T multi-stage HCCA§~
J&E1"100% sycophantic confirmation"sk MZE 41 , &SRB LM E REE X", X
£ multi-agent contamination ¥ /7% caution,

CCV BZ i FPR 2{NFE 9 @ SWE-bench Verified _LBAF , sample size &7\ ; #EIF] MCQ
/ 58[R)%&2E benchmark B "diversity" {5 SHFEEMRA — MCQ BIELA G RF 4 A0 gEH
4 , temperature 0 F contaminated 5 clean #£%4f] diversity ZFEa] BETH k.

5.3.3 Dataset Watermarking (Huang, Chaudhuri, Wang 2026-05)
3 ex-ante [

Huang ARG ESEUERR : dataset owner ZERFRTESN embed Seit7KED. Bkiik
;e I8 TE rephrasing $e A FENLIA X AIEIINER |, mEPEEF IR A £ /R statistics AR XT &
%% sample ~A] LI5S [“closed-watermark-2026]. &3 R EZHKIES REAE &MY IR
LLM 41 provable detection guarantees — RNMXFS[RIFERIAE MR |, (WA T
BRI 7E p<0.01 b4 ~1% FHEIRA.

XKL ITEH contamination (BRI RIX AR BTSSRl "TER "BHE" : SHEER
detect ¥ contaminated , N1t dataset B AJIEBAM) trace, XF framing R §6 1918
LMSYS Arena Bf"f AZ&fi#F5ed LLM-judge" B[R —F77 A FE% — MERNINFGEER
SHERAGRE , FMETEEOTENX% (dataset/ A vs B30 judge) HKIARERE XA

B

FERAN FIR KW EEFE fine-tuning IHRBWIE (~1% dataset JE ) ; EIE pretrain
scale _ watermark dataset & TB Z&¥UE+ kL FIRS detection power ZERA04 ,
paper REIEAHLER, X—mXT pretrain 30 F St H <8 — HIEAtAM contamination £
KHTE pretrain Y EX , TWIE fine-tune,

5.3.4 LLM Olympiad (Cruz & Aji 2026-03) : MY E{BIX

LLM Olympiad 7~ 246075 AT 2 FEHIEMBMY . & 101/IMO/ICPC HESE R 1 = KH
%l : sealed problem set (&l H{XEIFN % Xfi#Ef) . frozen submissions (FEELZETEINETIE
BIIALE) . unified standardized harness (JE[&"& K FI/AN[E) prompt") + Z¥/55C% release
[MIm-olympiad-2026], & contamination BiiAMMXALRERR — RNIEBEFHE LR
BRA)E , TRA LR — IR M4k [E] 8 ),

XMENHFEAEZ NAETHE 2022-2025 1 ENASHK N RIsH ZEIFE : T2 FF
leaderboard (HELM / Open LLM Leaderboard , EB{EZIT5HL) vs 22 MR private
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benchmark (SEAL. Anthropic NEZB eval , InisZ{B2%5) Z[8) , LLM Olympiad £+ 5=
£ 1&1%. )3 DEP (Decentralized LLM Evaluation Protocol, arXiv 2603.01167) & ex-post
THAMRE KL, Judge Reliability Harness 3 meta-eval ik — = £ EH# A 2026-Q1 iF
M ERIFFRITIE .

FIEIARIE LLM Olympiad £ position paper TIESSIUE paper : k12 reference
implementation, ki sealed-exam 5 public benchmark 7£ contamination = 4,_E fX$ LR
1o, M XIESZERFEF 2026 H2 LRIFEFIE(TAABERIE.

5.4 ﬂj(IEfEﬂﬁZf. : active / passive / framing / protocol /
judge meta-eval

JB_ER 4 4> 2026 paper 54 #H n-gram / membership inference / canary —ic it — N2
% | 8% contamination [ X AIEAT B4

| B2k | (RERFA L | BY & | dataset AL & | FEHF | |---|---|---|---|---| | Active | ex-ante |
Carlini canary 2019, Closed-LLM Watermark 2026 | iJI|Zk817 | &% | {X dataset owner A] f |
| Passive =& &4k | 13-gram filter, ReCalLlL, Min-K%++ | YIZkBT/ J7 | FEE | Tk
paraphrase /15 X EE | | Passive {Th4& | CCV. HCCA | JIER/E | NEE | N {EHIE K

Z . sample size {jg/)\ | | Framing | BE& | Soft Contamination, Quantify Test Set
Contamination | YIIZk/5 | R EE | A& turnkey TR , 2% embed corpus | | Protocol | 48
£A2 | LLM Olympiad, DEP. Judge Reliability Harness | % / JEMIN & | SN EE | i
=, FERNTHERX |

XA KT 2026-Q2 NEAER , ERKEHGER. —MEEMIFEEEN (FL
Part | §contamination TF2&%7) & : pretrain [frE&5E /A 13-gram + embedding-based filter
St+i)llZk corpus P = decontamination ; ¥ E& Xt release model i CCV {i spot-
check ; 5 stake leaderboard F§ LLM Olympiad-style sealed-exam $£3Z + Judge Reliability
Harness audit,

5.5 FARFWIRD : "MYIESEHR" vs "B AHEEEHS"

B 85.2-5.4 M ATEFMREE|—i#E , FAR 2026 HFHI T —IA8 K LIREK E %/ OFF
% : Y4 Soft Contamination 8% CodeForces 78% & X E & HIFH$4FH™4#% held-out
HEMEE , benchmark £/ model 3t RENZHET (A) VISREIEF ZFRH T80t
", R (B) HEVE M MHELWIZEEEFZ transferable reasoning skill ?

XIZFRe AR _E B SiTFSIRHE[R)# (generalization vs memorization) 7

contamination y&1% FRIELE, KAMNIHAUBMA=5 :

SRISZWE (Spiesherger [F5) : INAMAENERRS1X 78% H™4% held-out 3%
25, Bi4 benchmark & B3t 546 KR4 = shallow generalization on semantic
duplicates, HEVEE/AFF web benchmark B{K_EAREES{E , VR sealed / dynamic / Hi4
A benchmark #4X,. LiveBench, MathArena ArxivMath, SWE-Bench Pro Private i &

X—FERRE T,
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HiZz#i®#& (Quantify Test Set Contamination B35 EEMm ) : A" BHRINAFE!
transferable skil"A &2 ML KEIEE AR, 18 XEEELE) held-out KA THLEIFT8ER T
IR, TEFSIRA. ESERKAL — XLE ML XERE R "Bz T AEis 2.
1R LLM 2258 Zebralogic 50% I ZkAB A R BEfERE held-out Zebralogic i Al ARAL
X5"F 100 B AT S EReff T R IR B XA,

HLEIRERRE (CCV [FE + Anthropic RERITIE) : REINA AIEFETIEX S LR TFAME
M. CCV 1£ SWE _t 33% prior labels >4 false positive 1tBH n-gram / Min-K% 2577758 FI3E
AEAHE ; Soft Contamination f] "held-out t3g F+"SRL& R "an{af#fsIA shallow recall vs deep
transfer'f AR At EA L . 1E/88 mechanistic IEIEZ # , {E{@"benchmark $$% X
Pk ISk B contamination" R B{A¥F£PE speculation,

X WHKFRERZ— | & 2026-Q2 TR WX EERME EEMPIEA, ICLR / NeurlPS
i) model paper #3& @ E TH4EZ 4 contamination-limited benchmark 2 &4

(LiveBench + MixEval-Hard + SWE-Bench Pro) TIE#—1{&4: benchmark ; 4+ X FF
aE BRI ZE release f§ 6 4 B vs release 4% benchmark 43 ¥ 2 56"+ 4
contamination & — &R —~ benchmark 7£ release /5 6 ™ A&EHEI N %M 50% K Z|)
80% , A] AREEZ benchmark 222" #1215,

5.6 ZEfi#&4£ : MixEval-Hard / LiveBench / Arena-Hard
DR
85.3 IR T A ATAC BEMIN XS , {B3CFRA] A benchmark _E 2024-2026 [&]), 4 I 7 = FF

AEHIEITE . BEA11E 86 KEREBITCSBIEMBETT |, b RAxTHAE
A"contamination I X A R " IRS BEHURLE ¢

LiveBench (White, Dooley et al. ICLR 2025 Spotlight) f4%/[>#& & £ "contamination-
limited via monthly source refresh” — & 8 \&IL 6 A~ A arXiv / IMDb / FriBHLFA R A
B ~50 Frd , £EBARM verifier 14 (¥{E EM / unit test / FLNIRHT) BASRT LLM-judge
bias [Mivebench-paper], 1B §5.1 24354 LiveBench 7 plateau ; HiRiTE M FR 2
IR AN ST I 2R SR LIS BVE Y — Spiesberger ] Soft Contamination 242 B 1% &
T X—m. LiveBench BRI X Z2IEIHBLE 6-12 A HHFIRE , IR release-
tagged bb#& (40 livebench-2025-04-25 vs livebench-2024-11-25) #4Ad FRXTLL.

MixEval-Hard (Ni et al. NeurlPS 2024) ;EHE 5 —5% : F wild query 3% XTE%H
benchmark i B {# weighted sampling — R~&#Hd , ME4E MMLU / GSM8K / BBH /
HellaSwag % 14 4> source benchmark B"S5ESLH AERRAN'KE B IEES15E 1K hard
set, 5 LMSYS Arena #8341k 0.96 B 4~{X MMLU f#] 6% [*mixeval-paper]. BRI i%
BB KAANIEZIL Arena ranking ; FPR 2 source benchmark 2< & (] contamination 1%
#F| MixEval — ¥4 MMLU 6.49% 4 B (£ 25| MixEval-Hard B , [5&E 4K T RREAIR]
M, MixEval B 2024-08 R BHHFIRA , X ELIBEMA "NeurlPS 2024 KA Arena
{5 baseline" TM3IE frontier ¥l [*mixeval-repo].,

Arena-Hard-Auto (Li et al. 2024 + v2 2025-04) 2 LMSYS E%k approximator , )\ 20 T &
SCHE  prompt & BERTopic §# 500 hard prompts + v2 /il 250 creative-writing prompts , FJ
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GPT-4-Turbo / GPT-4.1 + Gemini-2.5 ensemble {i pairwise judge [*arena-hard-paper], &
£ contamination 4R E SN RAEZBIFMAER (A2 MCQ #H) ,Hwt
contamination JM4FE prompt + RAZE response Wi , [T S, {EEKNZORRE
LLM-judge bias — GPT-4 judge X} GPT &#&FLH self-preference (arXiv 2410.21819),
verbosity bias (arXiv 2310.10076). position bias = K2 40[a)# , style control + ensemble
I EARBRARER.

= TEFHRN LA BEET E TEA | iI8B— benchmark [EE &R contamination
+ judge reliability + saturation =4Ma)@l, LiveBench 5% contamination [5#{B &2 44
plateau ; MixEval-Hard 5% Arena correlation {BZ%7 source contamination ; Arena-Hard 5%
user-aligned {8 LLM-judge fg&. Part lll R FKEL FKEIIRE =FEFSAR{EA cross-
validation,

5.7 MNGES M RERE T RN

ZARFEIE 2023-2026 f] contamination FEARFASLALAM L8 n-gram {Ri% — 2026 PO iA%F

BRI - AIERXHED LS - R4 vs Az WO - =Fh&M4# benchmark 113

FHERE, ZRKERHESEREETHREE !

1. AT EMR . LiveBench | plateau INGIFAR G B &MY B4R | EES5
86 () agent benchmark / live tool eval —#24H %4 & LR,

2. contamination £ A &3[R MAE benchmark [)f. 7 mechanistic X4} shallow
recall vs deep transfer Z &7 , TG contamination £ 1R45#2 lower bound — §7
future-debate ZE4[B]F1)3X 4 epistemic [7)#,

3. WHEXESHIEERMHEE. LLM Olympiad 2£ sealed-exam #}Y. CCV FATHIR
£t. Closed-LLM Watermark 253 s AR E contamination [a) BRG] framing —
EHBAN AR B AR B R ALREEN + FFEIH R AR,

86 £ T 3kITi8 live / dynamic / agent benchmark B5E4EEF |, ¥ AAZEH contamination T
M2 HAE AT agent benchmark /52488 A TR RARR .

Elbi:

[*mmlu-redux]: Gema, A.P. et al. (2024). Are We Done with MMLU? arXiv:2406.04127.

[evalplus]: Liu, J. et al. (2023). Is Your Code Generated by ChatGPT Really Correct?
arXiv:2305.01210.

[*ivebench-lim-stats]: llm-stats.com. (2026-05-25 snapshot). LiveBench leaderboard.
https://llim-stats.com/benchmarks/livebench

["plateau-2026]: When Al Benchmarks Plateau. (2026). arXiv:2602.16763.

[*swebench-plus]: Aleithan, R. et al. (2024). SWE-Bench+: Enhanced Coding Benchmark
for LLMs. arXiv:2410.06992.
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[*morphlim-2026-pro-gap]: MorphLLM. (2026). SWE-Bench Pro vs Verified Contamination
Gap. https://lwww.morphllm.com/swe-bench-pro

["soft-contam-2026]: Spiesberger, A., Vazquez, J.J., Pochinkov, N. et al. (2026-02-12). Soft
Contamination Means Benchmarks Test Shallow Generalization. arXiv:2602.12413.

[~quantify-contam-2026]: Quantifying Test Set Contamination on Generative Evaluations.
(2026-01). arXiv:2601.04301.

[~ccv-2026]: Song, T.-E. (2026-03). Cross-Context Verification: Hierarchical Detection of
Benchmark Contamination through Session-Isolated Analysis. arXiv:2603.21454.

[“closed-watermark-2026]: Huang, P., Chaudhuri, K., Wang, Y.-X. (2026-05-07). Dataset
Watermarking for Closed LLMs with Provable Detection. arXiv:2605.06865.

[MIm-olympiad-2026]: Cruz, J.C.B. & Aji, A.F. (2026-03-24). LLM Olympiad: Why Model
Evaluation Needs a Sealed Exam. arXiv:2603.23292.

[“Mivebench-paper]: White, C., Dooley, S., Roberts, M. et al. (2025). LiveBench: A
Challenging, Contamination-Limited LLM Benchmark. ICLR 2025 Spotlight.
arXiv:2406.19314.

[*mixeval-paper]: Ni, J., Xue, F., Yue, X. et al. (2024). MixEval: Deriving Wisdom of the
Crowd from LLM Benchmark Mixtures. NeurlPS 2024. arXiv:2406.06565.

[*mixeval-repo]: Ni, J. (2024—-2026). MixEval GitHub repository.
https://github.com/JinjieNi/MixEval

[*arena-hard-paper]: Li, T., Chiang, W.-L., Frick, E. et al. (2024). From Crowdsourced Data
to High-Quality Benchmarks: Arena-Hard and BenchBuilder Pipeline. arXiv:2406.11939.

[*magar-2022]: Magar, I., Schwartz, R. (2022). Data Contamination: From Memorization to
Exploitation. ACL 2022. arXiv:2203.08242. https://arxiv.org/abs/2203.08242

["sainz-2023-nlp]: Sainz, O., Campos, J.A., Garcia-Ferrero, |., Etxaniz, J., de Lacalle, O.L.,
Agirre, E. (2023). NLP Evaluation in Trouble: On the Need to Measure LLM Data
Contamination for each Benchmark. EMNLP 2023 Findings. arXiv:2310.18018.
https://arxiv.org/abs/2310.18018

[~golchin-2023-timetravel]: Golchin, S., Surdeanu, M. (2023). Time Travel in LLMs: Tracing
Data Contamination in Large Language Models. ICLR 2024. arXiv:2308.08493.
https://arxiv.org/abs/2308.08493

[~shi-2024-mink]: Shi, W., Ajith, A., Xia, M., Huang, Y., Liu, D., Huang, T., Zhang, S., Lee, K.,
Henderson, P., Chen, D., Wettig, A., Hashimoto, T. (2024). Detecting Pretraining Data from
Large Language Models (Min-K% Prob). ICLR 2024. arXiv:2310.16789.
https://arxiv.org/abs/2310.16789
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6.1 M dataset El rollout : 7EMXTH KIS T

§5 3& contamination ST IEAFE R NVALERT | BB —LFEMK axis &AL : F
M RAFHEL. 2018-2023 f) NLP TN 2 "+#&EEIXT dataset” , 2024 5 & HA i "agent
MR, X— /,J:‘ZﬂzXTﬁwJﬁ/f LHIPE AT contamination &4l , H7E 2026 £5
85 MR =4 T JLET A S HRALYZE,

BRBIEMXT LB : 154 dataset benchmark fIE/NETTE  (input, expected output,
scorer) ; agent benchmark fj&m/NAJTGE (initial state, task description,
success predicate, environment step function) . BTEVEINEKE K%M St K HERR
&, BEENRNEFIREENSHAREENPTFRE. W%”‘FE‘] ST E X THEMR
®. UIRMMHARTEAME.

BKZ| 2024-2026 4] benchmark =\ , XFESA T ZRINEFR L :

FE—2 ZLMSYS Chatbot Arena | Arena-Hard Eﬁéj%,—}lf‘,"ill—i‘})\l]ﬂ]‘%"})\ dataset Z# h"EH
SR, AAZRIF (pairwise vote) fEAERE SR, XKIKLTE 85.6 LM
contamination £ E1eT , AFERIFEATELFIN.

% _ %< LiveBench | MixEval-Hard | Arena-Hard rolling dataset——{£ 5 dataset &5
{B1B 1T JAHA refresh + dynamic sampling Z%fi# contamination, FEI&A , {8 evaluation f
unit \"— AR AT B R

HE =% GAIA | OSWorld | WebArena+VWA | AgentBench | TAU-bench | AgencyBench
| MCPMark | MCP-Atlas | Odysseys | AstaBench % agent rollout benchmark——Fll|
X% )\ dataset ST£ &k 4 environment, X3 §6.3-6.5 (£,

£ m%&% NIAH / RULER | LongBench v2 | MMMU XK _FT3C + 248 benchmark

241 dataset 5 agent Z[6] , fREE#FHS dataset JEEBES WA / ik EREXIE
%E% bﬂ] 27175 agent benchmark 7*ME4] 'benchmark-as-environment™j&4t, (20 NIAH

£ grid E134) |, BUIRTEAEB NP EIES.

6.2 LMSYS Arena 77 j%i$%1X : Boyeau 2024 5 Bradley-
Terry {Ri%

WS agent 1 Z BTSSR A 28maF N "B A 7x8 4% . LMSYS Chatbot Arena B 2023
DASKFRZ 1T 200 7 pairwise vote , &£ LLM EBIKE L& FrAE ; Arena-Hard-Auto 2 H S
£% approximator (500 @ v1 /750 # v2 , GPT-4 ensemble judge) ., {BXSIREIE 2024-
2025 Z [AAEIEHBR ARG R IEFHTE , B AFRMRZE Boyeau 2024 [*boyeau-2024-
arenal,

Boyeau Z#5t LMSYS Arena A Bradley-Terry (BT) #88U3E AT A pairwise vote SR & Al —
Elo / win-rate ranking , 18 BT {&R1&H JLEXBERTER : (1) SXEIRK M logit BIREHRIRE
# ; (2) prompt 2 i.i.d. 3FEA ; (3) judge XF prompt-model A7 B f{1{E1F A 43 iR A model-
specific + prompt-specific FIMHN I, X = 5KBIRTE Arena 35 IR — &K™ML - (1)
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F&HY A 7E coding prompt k3% / 7 creative writing _ESSE X EM X RS prompt 25515858
& ; (2) BFRAZH prompt B4AH selection bias (55 Zxf) prompt BAJREHIREE) ; (3)
judge () SHKZZE. markdown EMEH REMEARLT.

Arena-Hard v2.0 (2025-04) 5| A\ style control 3T token length + markdown JTE/EANTNHE =
|15 , FBH2%kE (3) ; ensemble GPT-4.1 + Gemini-2.5 judge Z%fi# single-judge bias ; {8 (1)
(2) EAIFCERE MR, XFE LMSYS Arena ranking £ EHEFF & _EXT R — R T KAE
X7k A gEZE 5-10 &4 — — /B 1K case & Claude Opus &7t creative writing _F5&8E GPT
% , {B7£ coding .t Rz , aggregate ranking E3X#f task-conditioned Z &35 T
[*arena-hard-paper].

SR E R IFESBRE : Arena 5 Arena-Hard f{] single-number ranking R "4
FARIBAEN "HEREBR TRAL, BT Y frontier model selection ={=S 244 ; 4
K EVATEEE per-category breakdown %% (7] benchmark, Boyeau 2 EHIZFRAXEH
mixed-effects model B &4 prompt x model ZZ LI , 3X7E 2025-2026 [ leaderboard
KBRS, (B3 LI,

6.3 Agent benchmark KIFESE S © execution / judge /

pairwise / TrueSkill

agent benchmark 5 dataset benchmark £ Q& F FHZESR , AL T A EKM benchmark
BN RRETS.

Execution-based (WebArena / OSWorld / SWE-bench / 1-bench / MCPMark) : success
predicate ZFEFF A — ST BUAERIKS. SQL query R [EIEA#LER . test suite £Hp
B, MBERWATEM , HRERETFVE W RIS MES , B evaluator BH 7]
BEH bug (OSWorld #JhR 300+ 4 issue £HF &£ evaluator script [a]# , 2025-07 OSWorld-
Verified A& & [“osworld-verified]) .

LLM-as-judge (GAIA/AstaBench Literature / AgencyBench / Arena-Hard / Odysseys)

A frontier LLM 34} final answer 8%, trajectory, {A#H-2&BTFMERIES , £ E judge
bias + reliability (a8l (85.3.4 #] Judge Reliability Harness 24 3RE 4 4~ SOTA judge 7£ 4
/N benchmark _E"Jc— uniformly reliable” [Yjudge-reliab-2026]) .

Pairwise + Bradley-Terry (Arena-Hard / LMSYS Arena) : J, 86.2,

TrueSkill | Elo (Cattle Trade / 54> multi-agent benchmark) : Microsoft £ & BEAR LR K
A, X n 4 agent 7£% round PEEEFAAEXTSSN AT — p RORBENIE. 0 RO
AHaEM. Cattle Trade R%5 Gemini 3 Flash Preview TrueSkill u=30.1, o {34 7 [*cattle-
trade-2026], AHEZIFAEILEME (AR B A0 C thiam B MmE) , $HE n BEK
inference MJIRIX within-game variance £S5 (Cattle Trade paper F7&"deck order =&
seat position” , BKEH B IBEIRTIER) .

Process | rubric-based (Odysseys / LH-Bench / #f4) AstaBench) : 3B{ES 9 figk 6-10
/4 graded rubric , & rubric JA3 FIFE. Odysseys 45 rubric k = 0.788 vs binary
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trajectory judge k = 0.508 , rubric 5§ AL FK —HMIZ S [Modysseys-2026], 1B rubric &t
AHFE task EERGUZANIR |, scale .

Hybrid (ZE2¥IE) : AgencyBench 2#E — #NFESH + Claude-4-Sonnet L7 LLM-
judge + Gemini-2.5-Pro fi 3¢ LLM-judge =& ; 50 task held-out _EF0 4 {7 A28% 2% k = 0.93
[*agencybench-2026]. X 2026 frontier benchmark 775181 — B— judge A<T]

{& , £E multi-judge ensemble + F2FF, sanity check.

6.4 Long-horizon agent: GAIA / OSWorld / WebArena ]
S

agent benchmark 7772184 7E 2026-Q1 &g % , ik 232 Berkeley RDI #£ 2026-04
KB How We Broke Top Al Agent Benchmarks R4 [“berkeley-exploit-2026], —4~%& 4
BenchJack ] exploit agent ZEARE1E iR {EAEKEIIE T -

« £ GAIA 3K ~98% (%A HF _E/AFFf¥ validation answer key + normalization
collision) ;

« 7£ WebArena _b3X ~100% (answer key &% + &£ code execution + 53N 2%) ;
o f£ OSWorld _F3X 73% (agent-evaluator f@E A& . code sandbox &) .,

X REERRE ServiceNow HIBARI WebArena Verified 811 (506 {1555 permissive
matching 520 , 20 "2 000" #{2Y4 "2" #%5% , 92 % page-content FEXIR & ["webarena-
verified-2026]) . AKX SWE-bench Verified £ OpenAl audit N4 &I1"&4" frontier model
#pEZE FE I gold patch"fIZE3L , #IAL 2026-Q1 f agent benchmark crisis, R —&Hi2
¥ agent benchmark &5 K 1J{= E a3k H contamination 3k H evaluator script
JMiA (execution-based {2 ET A bug , allowing NEIF 2 KHNEF pass) .

R 3$1%37 crisis B JLE R ETE 2026-Q1-Q2 &£+ IEIL :

GAIA - Gaia2 (Meta FAIR, ICLR 2026 Oral): 5| A\ % / ;815 + write-action verifier +
% agent ¥ME [*gaia2-2026] , GPT-5 (high) overall pass@1 1 42% , 3& GAIA JRhR ~75%
K AR $I[E I frontier-relevant X[8], Princeton HAL leaderboard 2444 scaffolded
GAIA $E] (HAL + Sonnet 4.5 74.6%) {E-4 historical reference,

WebArena — WebArena-Verified (ServiceNow, NeurlPS 2025): &% 506 permissive
matching. #KiC unachievable {F%%-. 2% Hard-258 F£. VideoWebArena (ICLR 2026)
¥ REK T XMIRES , 35 skill retention + factual retention , 2 vision-language
agent FR AT,

OSWorld — OSWorld-Verified (Jul 2025) + OSWorld-MCP (ICLR 2026): Verified {& 300+
issue ; MCP kr4~3| A\ 158 UFiT i MCP T A , JEBR MCP tool B E4Z2 F success (03 M
8.3% - 20.4%@15-step) [“osworld-mcp-2026],

SWE-bench Verified -~ SWE-Bench Pro (Scale Al 2026): 1865 Zi55 £ X 41% ., &
731 public copyleft + 276 private proprietary + 858 held-out = =754, Verified vs Pro (]
16-35 NE S & gap &S EA contamination EHEIEHE [*swe-bench-pro-card],
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AgentBench - AgentBench-FC: 2024 [5%%:4 function-calling form + 5 AgentRL £ 1%, ;
{Elﬁlifi%ﬁtu GAIA / OSWorld / SWE-bench %% #5 benchmark — X 2" B % + %
IRE"TE 2026 KR HAIE B [ragentbench-2023],

6.5 1< horizon agent: Odysseys / AgencyBench /
AstaBench RIZEARE Y

agent benchmark f 5 KiEm 2 W58 (ST E M K horizon ESKRFE". =4 2026 {3k
M benchmark B/R 7T X—45m AW :

AgencyBench (SII-GAIR, ACL 2026 Main) &/ % ¥ E#Z! 1M-token / 90 tool call / %)
B ) Tab A F=/ 4% [~agencybench-2026], H A ix® k21" K horizon agent"f£(token,
turns, diversity, user-sim, sandbox) T/ axis [ H7j# — GAIA2 {X 22.5 turns, Toolathlon
26.8 turns, UltraHorizon 60 turns , AgencyBench 14 90 turns, #&38#&E%! GPT-5.2 Y
56.5%, FAENAB=Z : (1) ®iE T "agent build agent's work" £ 1M-token A& R a[{T1H
ATJ5 ; (2) FRZE T scaffold sensitivity /8 — Claude Opus 4.5 7£ native Claude-Agent-
SDK _tEbEE =7 SDK & 20.5% , k& model Hi4& | scaffold 1%E3%5%hE ; (3) 12/4"S_avg
[E_att (BZEWMEK) /E_tok (5 token YX) "=#HE — "D 5" WA | "R,

AstaBench (Al2, ICLR 2026 Oral) 2 &1 MARIEHT agent eval [*astabench-2026].

2400+ @4y 4 K2 11 F benchmark — Literature Understanding (PaperFindingBench /
ScholarQABench?2 / LitQA2-FT / ArxivDIGESTables) / Code Execution (CORE-Bench-
Hard / DS-1000 / SUPER-Expert) / Data Analysis (DiscoveryBench) /End-to-End
Discovery (E2E-Bench) . xR EHKIAINE end-to-end discovery FINZFE(L ~3% (BP
{E 5% Claude Opus 4.7) MHEHAMF{EEA[E] 50%+ , Z k3 aggregate score (Opus 4.7
=58.0%) BE&TEMN " S ERN" XK — AR REN RRER + inRakuE" B4R 5 L%
AT . AstaBench [ARH12 4 cost-adjusted leaderboard (Sonnet 4.6 4Lt |, Opus 4.7
ERRMES) |, XEIEMM 5% ranking"E 18] "% + cost frontier" iR R34,

Odysseys (CMU, 2026-04) 3 200 K2 multi-site web {£%-32 4£ live Internet £ , 3%
Opus 4.6 {X 44.5% perfect success H Trajectory Efficiency {¥ 1.06% [*odysseys-2026], &
KERNAIEFTRBAETI efficiency metric — rubric score / step, X% 7 frontier model
"SEMESHITLER R RBUER : GPT-5.4 A base64 4ghd4eld spreadsheet i AR,
Opus fJ Wayback Machine #[ZE 77 — X2 ERBR{B{KSN I EM 1T 4. Odysseys
] rubric k = 0.788 vs binary trajectory judge k = 0.508 Lb4& , A i&F _EHfIA rubric-based
PE({EL binary judge 5 AZER —BMES 50%+ , £ 2026 agent benchmark 3£ MY 5%
2%,

6.6 MCP T AR5 : MCPMark vs MCP-Atlas 1T
B

MCP (Model Context Protocol) £ 2025 4E ik LLM 34N RS SARME (Anthropic 3
HE. # OpenAl / Google 38 %) , FEZ WA T IRE vs [ EM & benchmark &84 :
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MCPMark (ICLR 2026) £ IR E &Lk : 127 1555 5 A~ AL MCP server (Notion / GitHub /
Filesystem / PostgreSQL / Playwright) , {F%-14 16.2 turns %1 17.4 tool calls , jTi#R
MCP-Universe (6.8 turns) # LiveMCPBench (3 2 turns) [*mcpmark-2026], £F2
programmatic verify.py , /~f LLM-judge — X /7 2026 agent benchmark crisis f5#1A
PR FEEMIRITIERE. SOTA GPT-5.2-high 57.5%,

MCP-Atlas (Scale Al, 2026) £ E &%k : 1000 {55 36 4 production MCP server
(Notion / Exa / Airtable 43t API) / 220 A~ B, 500 hidden split [Fj54:. claims-based
judge %5 partial credit (0/ 0.5/ 1) M3E 0/1 ["mcp-atlas-2026], SOTA Gemini 3.5 Flash high
83.6%, KMBENLEE R 63.3% KRWHA "HE " ME"TRAR"HF — TRAREAS
KW E# Claude / GPT REARYIAR , KYIARAKZ £ 10-25 RETABRINEMTE +
2H4& 3-7 /> tool call"BHEE .

W& N 2 _FIEEHZE - MCPMark F§ programmatic verify Sk 0/1 , Ak partial credit
FEMIEIN = & MCP-Atlas A claim-based judge 3K partial credit , Ik 0/1 & 52 Wr ki
E. 2026-Q2 st X RiXAIIR , (ELFERE EWMETAMER (MCPMark UJRE CRUD ,
MCP-Atlas jl| K#4% tool discovery + composition) & TV ZE 57 = SLARED,

6.7 Multi-agent benchmark F /[ : Cattle Trade /
Agent?> RL-Bench

multi-agent benchmark 7£ 2026 I MNMELS K IFHRFT A 1A .

Cattle Trade (ICLR 2026 workshop) EZ AlHIE5TEIE (FASL / [EE 4 / XY 1 Bk
B XFEE) ERER—KIFEXA , 242 /s 7 frontier LLM + 3 heuristic code agent
[rcattle-trade-2026], <5BAIN : YRGS TrackerAgent HLZE 2, {U%F Gemini 3 Flash
Preview — Bl 45 LLM £ 5 EIBER + REEN " ENidh T 5315 E1E w5 baseline, KK
A=, (overbidding / self-bidding / bankrupt trade initiation) $&7x frontier LLM fEKFE1HZEF K
REEA—EL.

Agent? RL-Bench (Microsoft, 2026-04) i meta /5[ : ik LLM agent BT&it. SRI¥HF
1T agentic RL post-training pipeline [*agent2-rl-bench-2026], 6 4> diagnostic task x 3
MEE (rule-based / judge-based / closed-loop online RL) , & run 12h TFEME. =i
Claude Code + Opus 4.6 7£ ALFWorld 3 base 4.85 - 97.76 (#%3%) , {B DeepSearchQA
Ry <24%, X Z"agent build agent" il B HIAR4T , 5 PaperBench / MLE-bench (Al
HREIM) AL meta EIFENE.

B4~ benchmark #[E{XF& 2026 multi-agent $ENIEK] framing 378 : R A)"LLM BELSEAK
X", M&]"LLM BE& £ strategic coherence / meta engineering XM e h _LiER—
M. XF framing 5 85 18 H contamination §+1Y#8% — strategic coherence A~ A]BEM
web data shallow memorize , WMREERZ W, ; AR K3k LLM #£ Cattle Trade 2 EFT IV
TrackerAgent , #:2"Eiz (bRt ARUEE .

47/58
47 /58



6.8 Safety vs capability FEllI5ES : OpenAgentSafety K]/
ERNE

agent benchmark i85 — 2026 &7 2 safety ¥EMIM capability $Ellsrhr H Sk,
OpenAgentSafety (CMU + Al2, ICLR 2026) £3X—ATa KA RMIESL [*openagentsafety-
2026] : 350+ executable task & 8 4" critical risk 2£51 (web / code / file system /
messaging / financial / privacy / deception / social harm) , &R + XHX B FAEE.

I M SC ¥ TF  Claude-Sonnet-3.7 £ safety-vulnerable {£45_E{3 51.2% =
unsafe behavior , 03-mini &1k 72.7%, XZER{E&R5% alignment-tuned frontier model
EZ R T EFAASE TH safety alignment FEARE . X5 87 ¥iHSM WMDP (B %1IR
MCQ) JERAIEFXIEL : WMDP "sIR ZEFfEfAES" , OpenAgentSafety JI|"{TAZME
B ME ", REVHEDAVENBIT — ~6EFA WMDP S#EZ XA K agent FBEFARXE
&,

OpenAgentSafety (7775 ik 23 agent safety FE )\ "2 25 prompt injection £ &
22, 2R/, Z2TARNAXIHITIR". X2 §6.4 122/ agent benchmark crisis #
/LPIKEFH BenchJack exploit Bk framework — E 4B FERIHKE unsafe behavior
emission & | i F HiE false negative TLE M.,

6.9 & _FTF3C + Z4&% : NIAH/ RULER / LongBench v2
/ MMMU M FEXS 6

K_ETFX 5L KA benchmark £ §3-4 BN EE , AT AREHS agent paradigm 77
TER XTI,

NIAH £ & needle retrieval , 2023-2024 JL i "K context"tR /N L FHE ; {8 2025 4
NoLiMa [*nolima-2025] Y iE" R M= retrieval, ANMFEN". # Sequential-NIAH BIE" 8
needle A~f%", RULER (NVIDIA COLM 2024) FJ 13 task § 8 (NIAH x 8 + variable
tracking + aggregation + QA x 2) , SCUE"FEHR 32K+ BAERL—FF 32K PR 85%",
RULERV2 (2025) M retrieval F+2% %I multi-step reasoning, LongBench v2 (THUDM, ACL
2025) &£ 503 EI KK context MCQ (context 8K-2M 1d]) , xR B e AIE ol-preview
reasoning model 57.7% #Bi3 A% 2K 53.7% , #1A "long reasoning chain &£ long context
WEEES " "[Mlongbench-v2-paper],

{8 LongBench Pro (2026-01) &k v2 {15 K28 B "B context hEEZE X" , $hikH"EK
context"7 B [Mongbench-pro-2026], X—%iXMAEE S X5 85 1§ contamination 4134
Bk : benchmark & X _E{t+4 # SKERIUMTA. NIAH £ UK BT SCSKFRlF

retrieval ; LongBench v2 4 Yl context reasoning StfRiME] reasoning 5 context length
S5HEX — % hop A HE & reasoning HHAY3ET , 5 context KAKTLMHAKR.

MMMU (CVPR 2024 Oral) 2 11550 KFRZHEIFRIE |, 2024 GPT-4V {¥ 56% vs A2
88%. 2026-02 /A FF test set labels f§ contamination JLYEAT &4 , Qwen3.6 Plus E1X
86%. MMMU-Pro (ACL 2025) fi#R" K& text-only I HEEZ XS ") shortcut [A]F —
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vision-only embed prompt B ¥ 56% Fr{KEl 16.8-26.9% [*mmmu-pro-2025], XE LR
VM AR E—AF 4 case : ¥4 source benchmark 4345 text shortcut By, vision
modality StFREKIE# (L ; vision-only embedding prompt 2 &% ablation,

6.10 /NG 53 §7 B3O

ARZIC 2024-2026 f live / dynamic / agent benchmark So 35520234 : dataset — user
vote — rolling dataset — agent rollout FFEAE1T ; execution / judge / pairwise / TrueSkill /
rubric / hybrid XFENEFFE4F ; agent benchmark crisis (Berkeley RDI exploit +
WebArena Verified audit + SWE-Verified deprecation) fih4& ] GAIA - Gaia2 /
WebArena - Verified / OSWorld - MCP / SWE - Pro PU{{F%k ; & horizon agent
(AgencyBench / AstaBench / Odysseys). MCP T_EyfH (MCPMark vs MCP-Atlas), multi-
agent (Cattle Trade / Agent2 RL-Bench), safety 4% (OpenAgentSafety), & FTF 5% &
7 (NIAH -~ RULER - LongBench v2 / MMMU — MMMU-Pro) L &7 4.

=% §7 ORI : (1) Arena 5 agent benchmark A5 5 ERRER I —H5R T,

g sR1EiF LLM-judge ensemble ? (2) agent benchmark crisis % (] evaluator script fifg

S92 TA2 (A) 8l 2 W IR (Rl ? (3) safety iFll4 & f5 , capability + safety &8 AR

FFJ437 leaderboard , ¥52 WA joint optimization ? 3X =Na)#l A4 ¥ §7 future-debate BIAZ/(>
WA,

5l H

["boyeau-2024-arena]: Boyeau, P. et al. (2024). Statistical Considerations for Benchmark-
Based Evaluation of LLMs in Open-Ended Settings. (LMSYS Arena Bradley-Terry critique
LRRZRF)

[*arena-hard-paper]: Li, T., Chiang, W.-L., Frick, E. et al. (2024). From Crowdsourced Data
to High-Quality Benchmarks: Arena-Hard and BenchBuilder Pipeline. arXiv:2406.11939.

[*osworld-verified]: XLANG Lab. (2025-07-28). Introducing OSWorld-Verified.
https://xlang.ai/blog/osworld-verified

[udge-reliab-2026]: Dev, S., Sloan, A., Kavner, J., Kong, N., Sandler, M. (2026-03-05).
Judge Reliability Harness: Stress Testing the Reliability of LLM Judges. arXiv:2603.05399.
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7.1 Benchmark £ &109KE) scaling ? = 3R

LLM $ERTiaE — 2 A= EH — & benchmark 5 scaling & X R ERTE 2026
HILHRAE., 2017-2023 B NLP/LLM #2531 E |, benchmark /2 scaling laws B)" 350" ——
MREF BT MMLU / GSM8K / HumanEval &/0¥ LN FE#RH#ERT model size / data size /
compute HAFRWES . Hoffmann § Chinchilla scaling f dataset #{= + downstream
MMLU # = e #: compute-optimal BCEL ; DeepSeek, Llama, Qwen ZEFFRZASIHK release
card 2L benchmark #{=2{E scaling iE3E.

{8 2024-2026 [g] , benchmark 5 scaling RS ZE/VE=EE L LT

F—ERH$— benchmark FIAREEE#TF. §5 E8FR MK ; X4 MMLU 7£ GPT-4
- Claude Opus 4.7 3XE& frontier J& i S GEM 88 —» 91, 2-3 MNEANRRNERDLEKT
prompt sensitivity 5 MMLU-Redux 6.49% 488 R HIRIEEF , B—F5hrJoiA[E|Z "scaling
B % /DLERZSE". daVinci-LLM 32 AAff "evaluation protocol 1%&3% significantly 20Xt
pretrain progress fKIEf#" — 200+ ablation 7£/~[a] eval setup 45t /<[E) ranking [*davinci-
lm-2026].,

£ _ER reasoning F{XH scaling 7& & model size 58, 01/ 03/ DeepSeek-R1/
Claude Opus thinking mode [ 238" inference-time compute"{EAHTH scaling axis , {B{%
2 benchmark R &5 #Z final answer accuracy T3E thinking token / accuracy tradeoff
curve, AstaBench [{] cost-adjusted leaderboard (Sonnet 4.6 ¢ ELRE , Opus 4.7 LR
i) BEitRNX—MENER ; EERENFIEFRBE (AL thinking-time scaling Zh A\
FRHE benchmark 3245 schema) Mk &4,

F=FER& benchmark 2R ES K selective reporting, Benchmark Health Index
(BHI, arXiv 2602.11674) 4 HE44ZHT : 106 4 validated benchmark 2 KE 4 (MMLU /
MMLU-Pro / MMLU-Redux / Chinese-MMLU Ei[E—&E1) ; BIRECHEFEA tech
report 1%53F B F|§) benchmark F£ ["bhi-2026], BHI {)=%H (Capability Discrimination /
Anti-Saturation / Impact) #5 4 f0"Z% benchmark 2 A{EE4kLL "2 2026 iU X E—1
meta-evaluation £4, T A .

{8 BHI B2 B AEFRIR : scoring kit 91-model 2025 distribution , model landscape
—74F (reasoning-tuned model il \) #EEIZF ; Impact 3/ citation count {g[& old
benchmark ; Anti-Saturation {Ri&ZM: ceiling-rise , Xt 2SR reasoning #£%! (01, R1) &
K ceiling BkERAIE LA robust, XLEEHAMFRAF HEFHL : *meta-evaluation THZ
BREF L "HEIFNA benchmark HIRIFEFERE" ? X2 2026-Q2 ¥ F M FF ikl .

7.2 Human eval (Arena) vs B} eval : MBS =KiHE%
g 2

§6.2 1118 T LMSYS Arena f{] Bradley-Terry A& [a)dl , (BEREMNEEE : AXRIFR
BEESHMETENMREIR 2 =FLIH1E 2026 77 -
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Arena X X IANA AR FEIFHE ground truth (BT safety / fEREEN S DBAER) . @
ER LLM KMRARFZREAN | BE AR R S XS5 EZETTHE. LMSYS/
Anthropic 7£Z X /A FF talk Fii[E) X —371%.

B3 eval £ X AN ZRIFFEi# bias (verbosity / formatting / cultural / educational

%) . {& reproducibility, expensive. B specific judge group BIEIFAR N "I Y4 4 AR 5
A PR, 1R A deterministic execution, code unit test, math verifier %52 FF{4L1ES .
LiveBench, Olmo. DCLM. AstaBench ¥4 F{E& % B% 5%,

Hybrid | =% X BEFHELE4S. Judge Reliability Harness W$iF LLM-as-judge £ 4 4
SOTA judge _E"Jc— uniformly reliable"[Nudge-reliab-2026] , E1iX perturbation-aware judge
selection ; AgencyBench fi=JZ judge (F2FFf + LA LLM + 58 LLM) f# cross-

check ; OpenAl / Anthropic £ safety eval _E[G]BEZE red-team ATF + B3 attack
benchmark,

XIZEHSTE 2026 5k Wén , {18 Boyeau 2024 12 H ] mixed-effects model J&£4 7 —4
IR A M ——38 prompt x model x judge = AR E BHEE |, 3" A2 vote " 583
eval F34"1E% model KIFIS marginal fL£ , MAFEE(IM/EELMEE A ground truth,
X—RZ B XIS A paper Bi1i6 , TV leaderboard 14 K4

7.3 T2V vs LRV : reasoning B AIEFHAT

reasoning model (0l /R1/ Claude Opus thinking) i SFEE A HENFE L, (£48
benchmark JLYF R 3R final answer — BT AT, S pass test, MCQ EIXF A
X+, {8 reasoning model B)<5ERENMA M4 #E chain-of-thought & : 2 &8E1R7 ill-posed
problem MARBITEZ . EEBRETEHIED self-correct, 2 &% H 1 reasoning chain ZE50 (8]
HIR E faithful,

2026 HHELT LRI T T2 AL HESS -

Odysseys [{] rubric-based #{# (86.5) — B "IN 7fiEA 6.1 4> graded rubric , &4~
rubric 83734y , ATRASHT frontier model "SEMES BATLER " IESUAETX (Trajectory
Efficiency {¥ 1.06%) [“odysseys-2026],

Soohak [ refusal subset (research-level math benchmark , arXiv 2605.09063) —— 64
mathematicians curated #H , & B3 refusal subset JUFAAEE X ill-posed KR AIBE
F$1. Gemini-3-Pro 30.4% / GPT-5 26.4% / Claude-Opus-4.5 10.4% , {&4 model 7E refusal
£ >50% ["soohak-2026], XZIIFEEMFAE — A" WX TIE" , T2 "AIEEIEE
e,

MathNet [IZHEALIES olympiad math (arXiv 2604.18584) — 30676 H & 47 [E 17 &
S , #2144t problem solving / math-aware retrieval / RAG =/ME%3k , B FETHGE"F B
F + I E Y B [*mathnet-2026],

SLUMP (When the Specification Emerges, arXiv 2603.17104) — 20 ML papers / 371
verifiable components / 60 iterative coding requests , jll]"faithfulness loss when specification
is progressively revealed" — X 2SI F2 W H1E multi-turn coding _EINV A,
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ERERZOTIEF T EIER—FRE (pass/fail) ¥ RAZHEIES (rubric x step x
verifiability) , RJi2§T frontier model B {KEEN 42tk MIER & aggregate score, {BE R
MRS BES. FEWHEEREIT rubric, 3f scale ¥ — Odysseys 200 task &2
rubric benchmark ¥R LR , B RKHARFE B3N rubric generation 7 TAF 5 .

7.4 Al-as-judge O] ZEME : Judge Reliability Harness {2
T

LLM-as-judge & 2024-2026 ¥4 R IAZ OEAE R , 18 85.3 5| FIf¥ Judge Reliability
Harness (RAND Corp, arXiv 2603.05399) #5 T ERAIEFSHT : 4 4~ SOTA judge x 4 4
benchmark (safety / persuasion / misuse / agentic) x 4 Z£3fizf) (formatting / paraphrasing /
verbosity / label flipping) , 518+ "No judge that we evaluated is uniformly reliable
across benchmarks" [‘judge-reliab-2026],

AR KBAER A4 : judge model A 7£ safety _FF8{B#E persuasion _EXf paraphrase &
& ; judge B xRz ; label flipping (B2 AEMZE R WD M RER) 7L benchmark x
judge ZH& T judge $5RFT 51X 30%+, XEKXEGE judge P20 per-task validate , ~EE(R
® SOTA=217EH.

FIRERNAIEFEEE LLM-as-judge FIEF#K#E - 245 GPT-4 evaluate Claude / FB
Claude evaluate GPT-4 B |, judge 5 evaluated model &t ZERI—MEES 75 L, MELLFIKT
evaluation 2 E X MR E model A5 judge B ZEXFhfatE R E 384 . Arena-Hard ¥ 3C3R
& GPT-4 judge Xf GPT Z&4%%! self-bias 8-10 NE 4T = (arXiv 2410.21819), verbosity bias
(arXiv 2310.10076) 5-8 N B9 RFEAETF [Narena-hard-paper].,

W38 = : (1) judge ensemble (Arena-Hard v2 f§ GPT-4.1 + Gemini-2.5 %X judge) ;
(2) judge 5 evaluated model ZREA[3) lab + A~[d] architecture (Anthropic PNEE eval FE5K) ;
(3) judge B & reliability stress test (Judge Reliability Harness $218). X =21{NnxTE ik
community consensus , {BE.4 & ICLR / NeurlPS t&£%! paper (/] reviewer B jEH

7.5 fERSREN eval : WMDP S5nJizEiE

WMDP (Weapons of Mass Destruction Proxy, ML Safety, arXiv 2403.03218) 2 2024
NeurlPS D&B 2 BBk AR IE — 3668 & MCQ , % biosecurity / cybersecurity /
chemical security =/Mils; , B IE% unlearning B30 deployment safety 12t & 545
[*wmdp]. BRI IEF A ETE §6.8 B5 OpenAgentSafety Xtk — WMDP Jl"41iR 2" |
OpenAgentSafety "7k 2",

WMDP (#z/ 0T A5 BT 2 1B el RE 1 " MXE LU E A FF i 4 a4 28 well-defined MCQ —
fHEIFE WMDP LS A ERERBHEXIIR , RHOEKEDE unlearned BAF KXY, X

#5 model unlearning #ff T2t 7 55— standardized benchmark,
{8 WMDP G A IEFHIE : (1) MCQ BRIl recognition , killl generation — #%%!

AR ATS BRANRBHEZ{NAIES ; X RS54 capability MCQ KL IEAER]
(Holtzman Z#5 MCQ 5 generation N&4t) ; (2) proxy KSR | IAEE#E — H
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IEfER AT ABEERIEA MCQ , FTA# B A proxy FERRik , BXXHISST SHEXAE
XA M ; (3) ME—IEEZE WMDP 5 OpenAgentSafety _Fi{RIMATRER—F — —
NE WMDP _E3E% 90% f#EEY | agent deployment ] 8E unsafe rate {J; 50%+ , EAf5
EN T BFERARFBAY,

WMDP H)3LFRERZE #0m 2 Anthropic, OpenAl, Google DeepMind #B7E release card H#
& WMDP £ %% ; [EAFEZE dangerous capability evaluation (DCE) fINER red-team, 31X
B "fEREEN eval"\FAR benchmark E[m) /)& deployment 3R] case,

7.6 T2ERIXNEL : HarmBench / AIR-Bench / Sorry-
Bench 5 alignment

RV 2024-2026 [BIFE R = EFFTLEM

HarmBench (Center for Al Safety, ICML 2024) ;£ attack-pattern f&£% — 510 NEEITHA x
18 # attack 77j% x 33 4> target model , A fine-tuned Llama-2-13B classifier 5 zh¥/|5E
Attack Success Rate (ASR) [*harmbench], {£#& reproducible £\ — {F{AHF 3T & £pRE
FIFEH attack B4 ; R E classifier 72 XS-Test benign _E false-positive ~26.8% , £ 51
ASR,

AIR-Bench 2024 (Stanford CRFM + Virtue Al, NeurlPS 2024 D&B) ;£ regulation-
anchored %% — i€ EUAIA/US EO / FEAEEK Al RFEENEE 8 MNEEXH + 16
KNBIBER D fiRA 4 = taxonomy (314 4 lowest-tier risk category) , 4 R¥, 5694
prompts , GPT-40 judge ¥ refusal compliance [*air-bench], A EE &= T¥ILEH

(previous benchmarks only 71% level-3 coverage) ; fikm 2 GPT-40 judge BA R {5{F +
over-refusal {H[q] .

Sorry-Bench (ICLR 2025) — 440 class-balanced unsafe instructions x 44 fine-grained
topics x 20 linguistic augmentations [*sorry-bench], E mfE fine-grained refusal
evaluation , & HarmBench BAE i & 7 K risk 715 F 40,

=% benchmark E¥M$ A — HarmBench I attack robustness , AIR-Bench jll] content
compliance , Sorry-Bench jil] fine-grained refusal — £ 2026 prod model 1%L ] safety i
fic. MASK Benchmark (arXiv 2503.03750) 5 SocialHarmBench (arXiv 2510.04891) i#—#
¥ B ZF| honesty under pressure 5 political/social harm B/ F4 & .

{BIX=ZF benchmark 5 alignment $F{4 Ik RIFLE A TEFK T, Alignment F{ < /FERL 2
BEIANZE, BBWSR. EBE G ; safety benchmark <358 B BRIRLEBRIEK .,
— AN EEYT] PAFE HarmBench / AIR-Bench / Sorry-Bench _E154 95+ {E¥E MASK _t honesty
RE) 50% — SFELEE # A{s. X5 §5 i contamination X [FI#35m epistemic [A]l
benchmark £ Y _Eilll{+4 # SSFREPE LR B EE safety, Safetywashing critique (arXiv
2502.09387) Z453E TruthfulQA / Sorry-Bench / HarmBench E4 % [@F safe model 23E 14
HBERIRENTEM.
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7.7 Meta-evaluation: BHI / daVinci-LLM K2 ¥

§7.1 2485| A\ BHI ; AT EFF BHI 5 daVinci-LLM FE A 2026 meta-evaluation XX E 2
BT .

BHI (arXiv 2602.11674) 12 benchmark A~ model MM benchmark Z< 5 )4 & &
— Capability Discrimination / Anti-Saturation / Impact =% [*bhi-2026], BHI iz KA IAF
REARZ I "benchmark inflation"[a); B 24k, , 5% Discrimination + 15 Anti-Saturation ]
benchmark {4 , §5 Discrimination + i Anti-Saturation f¥] benchmark iB1%. X%
M X E—4 principled basis {#"benchmark for benchmark"/®%.

daVinci-LLM (GAIR-NLP, arXiv 2603.27164) M pretrain science £ E i #M 5t meta-
evaluation [*davinci-llm-2026] : BR#f1718 evaluation protocol 1&3:F AN #2 Mm% pretrain 13 f&
FIEf# (200+ ablation SSUEAN[E] eval setup 44 AN[E] ranking) . daVinci 24 Data
Darwinism L0-L9 taxonomy 3 data processing 3%k — /~[a level #IE 2k E BT FER
[@ benchmark 23 /A<[E saturation curve , ElXZ& benchmark E&F /515 training stage
ULEC (pretrain i E& 4 OLMES Base Eff. post-train 1&4 instruction-following
benchmark) .

BHI 5 daVinci-LLM F£[E#5M# meta-evaluation fF/N AT : (1) benchmark EEEEEY,
audit (BHI ] health score) ; (2) benchmark EEEE stage-specific {4t (daVinci
stage-evaluation matching) . XFANAHE ARG —HELR , £ 2026 H2 FEN A HIE
BRUGH

7.8 /N FRIRIEI S = SRR L

AEIL 2026 T EN A IEF AL ORASLHLAA | scaling 5 benchmark X&) (§7.1) -
human eval vs B3] eval (=% (8§7.2) - TF% vs 8R4 (§7.3) — LLM-as-judge
a5t (87.4) - BRAEEN | TV EHNWEL (87.5-7.6) — meta-evaluation FEZ2

(87.7) . LTHRETEM =4 2026 H2 - 2027 PIFFFREL :

1. Meta-evaluation B EREE RFEEE SR ? BHI / daVinci-LLM / Judge Reliability Harness
EE#tIT A , {8 BHI B2 1A model-distribution-dependence (8], F—2* 2if meta-
eval T H B &15i#C perturbation test,

2. Process evaluation £ 7&8E scale ? Odysseys / Soohak / SLUMP / AstaBench rubric #
{7 100-1000 FIAE AT , {8 web-scale TEN (~50K+ ) 2B EEH 3 rubric
generation ?

3. Safety 5 capability {] joint optimization ¥R 2FH3L leaderboard ? 2026 3 R i [E) 3L
leaderboard & 4 safety # capability (L4 ; BERE _LAIE joint — XFITNN BRI
reconciliation & FFik(a) K ,
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A.1 5E{iL : Stage 0.5 scan K= ARE N

2026-02 Z 2026-05 X P9 B E |, frontier scan JEILH 73 HUET T #EELIE"E benchmark ()
FAER", HIETENMXEREE framing TRFREHEFR". EI1ETHET 85
contamination 4. 86 agent crisis, §7 meta-evaluation 7 = £xF#7E frontier B 5 _t &%
TS, AR AEARBSMAMIELEERAAFTAXMHT LE — LT ERERNT
SRR AEFEF R, PR 2IRIMEHEAI—K, WEESAMREIE, BN RFFR

Rk,
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A.2 Multi-agent benchmark f{]"JE{ZE M " Prik

Cattle Trade (arXiv 2605.14537) 5 Agent2 RL-Bench (arXiv 2604.10547) £ 2026-Q2 multi-
agent benchmark B3R , (EE1XF 86 f¥ agent benchmark iEAE F R4 H 7 FiE
ZePkhk. Cattle Trade A TrueSkill u/o BREAFESER , NS agent Kk HAEE M

(AR BAZESE AR C I B IIARAE) . 1X5 §86.2 Boyeau 2024 X Bradley-Terry #prE
ranking B ERBIE] T — U{EL LM A S £ non-transitive B , Arena-Hard 2 pairwise
RAEMASIEMEMA L, aJ4X41ET Cattle Trade paper B 7&"deck order £ & seat
position” , Ek#E TrueSkill HE& NI E K variance AJREIR Tz MIEREN — X
#5"TrueSkill 2 84T BTt T — cautionary tale,

Agent? RL-Bench FEHIE meta BZK , [A]"LLM BER&IT. SKHL, AT agentic RL

pipeline”, 3XF# framing XTL §5.5 f"HiZ "Rt — #ANR LLM BEFERE engineer tH working
RL pipeline , i web-scale shallow recall ¥ELAfiRHIBES . 1B 6 task K2 KT HLAE (R
/N, 582 [E)f confidence interval X, IRERMES T EIZXY.

A.3 Live math platform : contamination [i#85 ceiling [A]
1|

MathArena Platform (arXiv 2605.00674), LemmaBench (arXiv 2602.24173), Soohak
(arXiv 2605.09063) A% 2026 frontier #F1EMHK =2 . MathArena F§ B & ArxivMath +
AIME/USAMO 2026 + Lean FEZCUEBASLE]"contamination-resistant by recency” ;
LemmaBench E3#2 arXiv 15X lemma ¥4 theorem-proving {£%% , SOTA ~10-15% ;
Soohak 3| \ refusal subset — j#EEIXT ill-posed FKIRF] — (& model £ refusal _E >
50%, IXZZXT 8§5.6 "= FhEEfi% benchmark it " FAE{#HZ4E LiveBench A FERE M
TFEBENIUHER frontier 13¥BEHIN |, 5 §7.3 BFEEHARSEYIME X — refusal subset
M) EAET B REEENBRNFOANE , XAREITFITERENLEE. FTENENE
LemmaBench K] lemma I A S X {EEEEMEREFIR , #ihd statement 2 B2 R
paper "IN UFBAE lemma”SR7E paper 4G H R UEFRAE,

A.4 MCP-Atlas vs MCPMark : OOD A5 50558

§6.6 242710 1d MCPMark / MCP-Atlas IR vs [ EX{&, NFAFCOAATN—F —
MCP-Atlas 3| \ partial credit (0/0.5/1) 5 claims-based judge , 5 GAIA f{] binary exact-
match JE 77181958, OOD HUZE partial credit 1242 T2 BMAILL ? 2NRIEE A LE
"X —3 ERRE . R B XY & E LB . &/ aggregate HE&BURT partial
credit weight (1% — X2 §7.3 rubric-based {472 L B & 4R HK 5 —MR4<, MCP-
Atlas B7& 63.3% kK MIE R N#E — X RIET EVEA benchmark 5 reasoning benchmark
HIh R — S, 5 85 ¥ contamination 11 R FHATE A& .

57 /58
57 /58



A.5 Contamination FL K1IFAZ ik vs n-gram {Ri%

§5.3 2424 CCV, Dataset Watermarking, Soft Contamination, LLM Olympiad, Judge
Reliability Harness L & H &£k BT, Stage 0.5 scan #— 7%, JECS Joint
Decontamination (arXiv 2605.21543) -5 Prior-Aware Memorization (arXiv 2602.18733) 4
L — HiEiL{tprovable Z1ERIEX 4 decontamination HEIEIS{RIE , [FHEIE
membership inference fI¥5 & MRk EHE "B BS54 training prefix 32%Ex". HEIHLE
A ERE X2 — n-gram BRIR A R B EEERA R 2 TRE ESURERE" , 2T
contamination detection )\ B4 =\ framework E #3518 provable guarantee K551t
framework, X5 85.7 5 _ % epistemic 45184 — 7&£ mechanistic X4y shallow recall vs
deep transfer Z §J , contamination E4/4. 5044 H BRI ST RIE A BERCA iR AR,

A.6 Meta-evaluation : BHI 5 daVinci-LLM KFa5E Mq)
il

§7.7 B£118 Benchmark Health Index 5 daVinci-LLM I £ meta-evaluation J&£k .
Stage 0.5 scan j& B B I %E =/ =1t meta-evaluation fEZ2 — X2 2026-Q2 TNt XK —
NE#EA(ES — meta-evaluation 34 T WA TEFFFERX T HEHNE. BHI B
model-distribution-dependence K FR% §7.8 £—4&E Lk (meta-eval B HRERLISHT
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