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A Statistical Framework for Alignment with Biased Al Feedback

BEA: 2O (FBAR)

92 : Modern alignment pipelines are increasingly replacing expensive human preference
labels with evaluations from large language models (LLM-as-Judge). However, Al labels can
be systematically biased compared to high-quality human feedback datasets. In this paper,
we develop two debiased alignment methods within a general framework that
accommodates heterogeneous prompt-response distributions and external human
feedback sources. Debiased Direct Preference Optimization (DDPO) augments standard
DPO with a residual-based correction and density-ratio reweighting to mitigate systematic
bias, while retaining DPO's computational efficiency. Debiased Identity Preference
Optimization (DIPO) directly estimates human preference probabilities without imposing a
parametric reward model. We provide theoretical guarantees for both methods: DDPO
offers a practical and computationally efficient solution for large-scale alignment, whereas
DIPO serves as a robust, statistically optimal alternative that attains the semiparametric
efficiency bound. Empirical studies on sentiment generation, summarization, and single-
turn dialogue demonstrate that the proposed methods substantially improve alignment
efficiency and recover performance close to that of an oracle trained on fully human-
labeled data.

MABETT: BERMESBAFEEL RO SEESERMEME. T021ETESEBIM
STAFIRERTHE L, HTZEERREEEASITELEHR, UREBEENIIAS
ST RIBENIEMIE. PRNMBEEATHEEETIRA, ESMRFATAOZIHER, RS
SES T EPRIR .
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Optimizing Agentic Workflows: From Task-Level Search to Dynamic Construction

WEAN: KB (EBPeRE R )

{52 . The rapid evolution of large language model (LLM) agents has demonstrated their
immense potential in complex reasoning tasks, yet relying on manually designed agentic
workflows fundamentally limits their adaptability and performance. In this talk, we present
a trajectory of our recent research that progressively automates and refines workflow
construction, moving from static to highly dynamic paradigms. We begin by introducing a
task-level optimization framework that leverages bandit-guided graph evolution to
discover a single, robust workflow capable of generalizing across all queries within a
specific task domain. To push beyond the inherent performance ceiling of such task-level
generalization, we then present a query-level orchestration method that utilizes contextual
bandits to adaptively assign the optimal, customized workflow for every individual input.
Finally, we address the limitations of one-shot, fixed workflow generation with Workflow-
R1, a novel reinforcement learning-based approach for multi-turn workflow construction.
Unlike previous methods where the workflow remains static after initial generation,
Workflow-R1 optimizes group sub-sequence policies to dynamically construct and adjust
the workflow online, conditioning subsequent steps directly on intermediate execution
results. Together, these three works trace a clear path from static task-wide optimization to
highly dynamic, execution-aware reasoning pathways, offering a comprehensive

foundation for building more autonomous and resilient Al agents.

PMAEN: REFBELIESBTIAS CRYI) HERFSIREESE. BTESH, NEE
REBEXSFEAT, FHRFREKEFEZE. TR FEEANZESRNETFRNE. EREAR
FEESEFRIZFESME () | RMIMEARZESE LINE, DREAREEERASIERE
%, F024EEMEETHR (MIT) BEELEARR, HT2021FEE2023FEFHINKEEKA
% (NUS) WEELEHR. thF2015F/2021FES ISREF I ES ASFHBES TR T3
T ENRIZE 20, ARMERETISZINBICSNAE. ERAER, EFTXESEE,
MRAASFEETAERNERR, KRR, KRETELEH. BT RIS, X
BRERRUNS, ERICER, RAARSEEZRNEL. SEMKAISIFNET LAFRIC38R
B, Hh308mAFXTNeurlPS, ICMLFIICLR, F##H{ENeurlPS, ICMLFIICLRRYSTIEHEE (Area
Chair) ,

[H]
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Multi-Agent Language Models: Games, Reasoning, and Alignment

BEA: R (IMHARERZNDEK)

{§2=: Large Language Models (LLMs) could prone to inconsistencies and hallucinations.
We introduce Peer Elicitation Games (PEG), a training-free, game-theoretic framework for
aligning LLMs through a peer elicitation mechanism involving a generator and multiple
discriminators instantiated from distinct base models. Discriminators interact in a peer
evaluation setting, where rewards are computed using a determinant-based mutual
information score that provably incentivizestruthful reporting without requiring ground-
truth labels. We establish theoretical guarantees showing that each agent, via online
learning, achieves sublinear regret in the sense their cumulative performance approaches
that of the best fixed truthful strategy in hindsight. Moreover, we prove last-iterate
convergence to a truthful Nash equilibrium, ensuring that the actual policies used by
agents converge to stable and truthful behavior over time. I'll also discuss the extension of
PEG to the multi-agent reasoning and inference-time alignment.

MATEITT: Xiaowu Dai is an assistant professor in the Departments of Statistics and Data
Science, and of Biostatistics at UCLA. Before joining UCLA, he did a postdoc at UC Berkeley
working with Prof. Mike Jordan, and received a Ph.D. in Statistics at UW-Madison advised
by Prof. Grace Wahba. His research focuses on statistical theory and methodology for real-

world problems that blend computational, inferential, and economic considerations.
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iZHARER: KIRBERERSIENHZEE

BEA: 28 dtm=mA3)

2 AERRERER: A SSIEIETE S K ENHIRNNEEER. X—H
ERAEDN TIRA LSRR, EKAEEELNNERER, RZEFCER, NRFTEKRA,
HAISINFEEZET (power-law kernel regression) IX—fE{tiEE!, (FAERICRESRMSRREN
SR, BEFZERENHFHS, FIRHZRRER (Functional Scaling Laws, FS
L) : BE"RERE"X—OES, BRERT BAZIERMIZEIREN" ZR X, NmFE—iE
R T AERRBAARIIE SR E THRKE. BH—F, FSUARR 7 TR-RE-BXEEHAF
SIRFERBRIBRME, BRHXERAEER)ISGEBEESNE.

PTAEN: BB, IEAZEERNFZENEGNSEZIRRPOMELE, TERRAAAR
BFIREIEEM. 20125 FRAKSE, FEFSNANFEFTFNM,; 2018 FERIFIEEK
F, REIEHFELIEFA. 2018 & 11 BE 2021 £ 10 B, SEEEEMENIAFZFIIESY A
B AZENEETEHARINE, HEXMEAFRT NeurlPS, ICML, Annals of Statistics, Journal
of Machine Learning Research, IEEE Transactions on Information Theory EEPRIRKSNS
HATIl,
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From SLT4AI to AI4SLT: Generalization under scaling, and infrastructure Lean 4

WMEA: UHE (LE0EAS)

}HEE: This talk connects two directions in modern statistical learning theory. First, | will
briefly discuss SLT4Al: how generalization curves behave under suitable model capacities,
e.g.,, norm-based capacities. Our results present generalization under scaling via
deterministic equivalence, which challenges classical views of generalization, including the
U-shaped bias-variance curve, double descent, and empirical scaling laws.Second, | will talk
about AI4SLT by presenting our Lean 4 formalization of SLT from empirical process theory
with more than 30,000 lines code under a human-Al collaborative workflow (with some
design principles), including Gaussian Lipschitz concentration, Dudley's entropy integral
theorem for sub-Gaussian processes, and application to localized least squares. It highlights
how formal AI4SLT infrastructure can make modern learning theory reliable, reusable, and
machine-checkable.

MABET: XHE, LERBAFEARNEFARESHF IR, HFEFREATER
SEeiE A SIT, FRARNIAYES IS S SRS, HEBMRTE
BIERMEEA TONSEY IS, REN B FOTUES, Fit—S i REr sy
BSSHENEFNE, URNSBFZIBICHHERRSE (AI4SLT) , IERFHE
JMLR, SIAM. NeurlPS, ICML. ICLR, TPAMI&ZRIEI20R%. 2019 BT HERE
KZF, BT KU Leuven, EPFL WNEIEL/EAR, EREUniversity of WarwickiB{EBNIEHIR.
2023F NEERBEREFEAT, X AAAI 2024550M3R, 20255 NiETUMEBKIHE#UR LT
X%, #8{ENeurlPS, ICLR, AISTATSZESIN TR ESRE,
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Escaping Local Minima Deterministically and Provably in Matrix Sensing: Power of

Simulated Over-Parmetrization

REA: SRl (EBEHAR)

2. Low-rank matrix sensing is a fundamental yet challenging nonconvex problem
whose optimization landscape typically contains numerous spurious local minima, making
it difficult for gradient-based optimizers to converge to the global optimum. Recent work
has shown that tensor over-parameterization can, in principle, convert such local minima
into strict saddle points; which also serves as a theoretical footnote to why scaling can
improve generalization and performance in modern machine learning models like LLMs.
Motivated by this observation, we propose a new escape mechanism that simulates the
landscape and escape direction of the tensor-lifted space, without resorting to actually
lifting the problem, since that would be computationally intractable. In essence, we
designed a mathematical framework to project over-parametrized escape directions onto
the original parameter space that could guarantee a strict decrease of objective value from
existing local minima. To the best of the our knowledge, this represents the first
deterministic framework that could escape spurious local minima with guarantee, especially

without using random perturbations or heuristic estimates.

PABEN: Sl IS BRHASTENRIIELIS (presidential assistant professor) , {&
TEENFIIMNRE ARSI (UC Berkeley) BFTRESIHTENRIFER. tMHNEEMRRSASAIE
MEE, H2FIEE, UREENL FEDLHRK) . MRS EERREETRALS SN
FJE (NeurlPS, ICML, JMLR, AISTATS, AAAIZ) , BEZRGFEMOMIRE (oral) FE, UK
2023FMJAISTATS Notable Paper, fhERMEBHARIKNE (rgc) B "RNHBEFEZEITR
(ecs) "LAREBATERFESE (CX) .
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Contextual Linear Optimization under Full and Partial Feedback

BEAN: BN (BREAER)

28 This talk is about Contextual Linear Optimization (CLO) across two feedback
regimes, where we study the traditional two-stage Estimate-Then-Optimize (ETO) approach
and the new integrated Induced Empirical Risk Minimization (IERM) framework. In the full-
feedback setting, we theoretically demonstrate that under model correct specification, ETO
can surprisingly achieve faster regret convergence rates than IERM by leveraging problem-
specific geometric properties. In partial-feedback settings (bandit and semi-bandit), we
propose a unified offline IERM framework and establish novel fast-rate guarantees.
Numerical experiments on shortest path problems validate our theoretical findings across
different regimes.

PMABET: BV, BEAREFEEFREENSETERIEE, 20165ERKERINAFEF
FEIFM, 2021 FHREEERFRAZRIT SHERZEWE TN, ARNEETERERRE
7. BUEIKERYARRTTIE. F=REIF.
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EFKoopmaniBiSRELHEEI D RARTSTRNITE

BREA: ®E (ARELE)

HE: etz REshREHTERSTN, MRARMHRAIRC SHEFIMgHH— E
APk, B4t IREMBEEEEEENNHNRRA TEETSIEE. HRiRs. SRm%E
EBURHRNNFENLT ST, REBRIEEIRNT A0S0 STIME A ERAOEHTN, B7ELL
SEMEESLE N ESHRAT, SIFERZREE. TRBRMMETT B, Koopman EigHhiE
M NFIRERTRURE T — MRS, ENESSBERMTEREER, XESHTH
STREESBMRSEN., ANRESIEE—FE0EE Koopmanysix, BITEEINEm SRS
B, IIMHARRNEONET. AR KETEE SREENRN, tEnhTE=E
AT PR 5 LR AT LA ERRAN S S A9,

PMAEN: T, ALSERFHFESHTFRANE, B85, T20165F/M2023F5 BIFKT LA

K" (@FRSLeM) BUESINEZE, BIOEREMAIFITHESIIRES, AEFIBMHEET 1T
ISR, HEMEZRETEIN)IGEIREEE. HARCERE. MESHERT. RUEEHR
W, MHEEBRRITEVRZEIBMUESIHA T ZIBRARFZI Btz OEESHEA,
E7EJMLR/TPAMI/TMLR/NSR/NeurlPS/ICMLEEFRTREHIFIFISNARF AL 255K, ESIE
W53 2. BHFARSIFH2000RK, BHEICXSIHE11000R, FIFRHREERAAITRITFER
FXRME. E2FTHE IMEURZIEERIREE,
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Al for Statisticsg—LttRFnitE

BEA: AR (LEWEXS)

HE: FREBNBRINAEIEAl for StatisticsHHEMN—RIIFRRSHE, BELY AEENSIHE
HEEN " X—zOE@E, RINEEEE. RERESHEAR="EEaEFHR. 85t R0
7 StatEval—E M HRASRITENEGEE IS SHEENGESMHEIEETITEIEE, RABENER
SHREEMATREIBIARITIER A, HidTIEAEREMEIE ST RITZLEE KR
K=H. 53089, B2 T 1 EBATERIENZ B8R AR TRACE, BEBRERRFEATE
MRS, BaMtresEtTmm. ZEMTHSEERBE LK. EF Statbval, FfiHRH T —FERT
SZIIPANEIEMI RIS Tk, SFXIERRE N TR ERIZE LSRG, sk, FIA StatEval
FTIRIERER (RAG) FMWEHE, FIRAERFAERREN. EEME, BIIEFRT—1 0
LAB S TR R ST EIRIERBRYEaEAStatProver, REMEIEENTAR ZOEIEBRIRSIESE, &
ERARAINAEIT EEIERRMEHIEERR S AT AR, TN FiHFapEZEIER
NeBmERSBERAUE.

PMAEN: AR, EEVEARSEH SHIEREZRAISE, BEXASEAST, Bl TER
B RMAZHE LSRR, WERIEFRITHEIRTIASAREIERE A TERETIENeurl PSERISTIE T
B, MRMXEBEERESRS, BUFINEELE5EE, KRR, FRRER, TEIEJASA, JMLR,
NeurlPS, ICML, ICLRESITHE, HEEFIMTFIME LAF—IFERXES R, BRZERITHD
LS EFRSINEATE R, UNC James E. GrizzleZs &2 1Barry H. Margolin Award.
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Evaluating biomarkers for treatment selection from reproducibility studies

HEA: R (AT

HE: We consider evaluating biomarkers for treatment selection under assay
modification. Survival outcome, treatment, and Affymetrix gene expression data were
obtained from cancer patients. Consider migrating a gene expression biomarker to the
lllumina platform. We propose an approach that allows a quick evaluation of the migrated
biomarker with only a reproducibility study needed to compare the two platforms,
achieved by treating the original biomarker as an error-contaminated observation of the
migrated biomarker. We adopt a nonparametric regression model to characterize the
relationship between the event rate and the biomarker and obtain an optimal marker-
based treatment regime. Using B-spline approximation for nonparametric regression
functions, we estimate the treatment regime via the SIMEX approach. SIMEX is a simple
and general method that can handle measurement errors in complex cases. Through
establishing the uniform convergence rate of the SIMEX estimator for the nonparametric
regression functions, we derive the consistency and asymptotic normality of the empirical
estimator of the biomarker performance measure.The approach is assessed by simulation
studies and demonstrated through application to lung cancer data.

PABETT: R ECaTERMTRIENFITREEE, AR LTI RAREER, Bt
TR AFZ TR, BIELREITAZE (Univerisity of Washington) QX T ESrE
WFITRIAREHITE, TEARKBEERFELEFST. WEREMRKEE. FSHTE. &
HHUREIEIGEUE. IUIRETEMRSYRIER QTN SEEEST,
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Approximating and learning smooth functions by ReLU neural networks

HBEA: BREFLLS)

2 In this talk, we will discuss some recent progresses on the approximation and
learning theory of ReLU neural networks. We divide the approximation theory of neural
networks into two parts according to the methods. In the first method, we approximate
smooth functions by piecewise polynomials and then construct neural networks to
approximate these piecewise polynomials. Using constructive approximation, one can
derive optimal approximation rates in terms of the width and depth. In the second method,
we consider the function space of shallow neural networks, which is called Barron space,
and use random approximation method to derive approximation bounds in this space. By
studying the relation between the Barron space and the smooth function spaces, we can
characterize the approximation error of shallow neural networks by the width and certain
norm of the weights. As an application, we will discuss how these approximation results can
be used in nonparametric regression problems. In particular, we will show that least squares
estimations based on deep or shallow neural networks can achieve minimax optimal rates

of convergence for learning smooth function classes in various settings.

MABETT: FRE, FUKEEFEZE (B08) BIEE, 20225 Tl FEBREARE, AR
HKBEFETRFES. NAETNSWELS. BRIl R L FEEEFTHEMNEZIRILSZE
B, HEXHFREERAZRTournal of Machine Learning Research, Applied and Computational

Harmonic Analysis, Constructive Approximation, NeurlPSZEHIFIFISIN,
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The Future of Al Scientists: Emerging Directions and Fundamental Challenges

WREA: TR BERHERSR)

2. Modern Al systems are rapidly evolving from passive tools into agentic systems that
can reason, learn, collaborate, and interact with human scientists in the research process.
This talk discusses emerging directions in Al scientist systems, drawing inspiration from
human-centered principles such as lifelong learning, teaching, collaboration, objective
alignment, and auditing. The goal is to identify fundamental research challenges and
stimulate new perspectives on building steerable and productive Al systems in complex

real-world Al-for-Science settings.

MNAET: TR, BRHBEAAZFUZRESE, BFIER. HENREELE, AlROZ0
R, BARHIAKRFARRRET TIEFNERRSAHK, AR FBEEAE, Bl TFiRHEAE.
HIfRUTALERE. RitE. ERRFNRE, SpERXTEIT ESaEMIATER:.
Al for Science, LR ANMMER S, Z{E Amazon Scholar, 5 Amazon Alexa & AGI FBASTE
FREHZISZEESREMBXRAR. ETIBREEEERFFEES CAREER Award, ARO
Young Investigator Award, Cisco Research Award, Meta Research Award RZINE{FEELNX
R, s TIHRHIAXRFENHRASRIATERFRRE. 5%, fthE—LXTAIERER
RENIIEN SRR, REUWELLRIAA RS TS ERER A B REETERIAIERER, 7
ElsEEX A BISIAYAI-for-ScienceSEEMorphMind RAEXFHEE WorldSeed AR R A MR,
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SpecTr-GBV: Multi-Draft Block Verification Accelerating Speculative Decoding

BREA: Bl (FEARKS)

;i%jE: Autoregressive language models achieve state-of-the-art performance across a wide range
of natural language processing tasks, but suffer from high inference latency due to their sequential
decoding nature. Speculative decoding (SD) mitigates this by employing a lightweight draft model
to propose candidate tokens, which are selectively verified by a larger target model. While existing
methods either adopt multi-draft strategies to increase acceptance rates or block verification
techniques to jointly verify multiple tokens, they remain limited by treating these improvements in
isolation. In this work, we propose SpecTr-GBYV, a novel SD method that unifies multi-draft and
greedy block verification (GBV) into a single framework. By formulating the verification step as an
optimal transport problem over draft and target token blocks, SpecTr-GBV improves both
theoretical efficiency and empirical performance. We theoretically prove that SpecTr-GBV achieves
the optimal expected number of accepted tokens for any fixed number of draft sequences, and this
bound improves as the number of drafts increases. Empirically, we evaluate SpecTr-GBV across
five datasets and four baselines. Our method achieves superior speedup and significantly higher
block efficiency while preserving output quality. In addition, we perform comprehensive ablation

studies to evaluate the impact of various hyperparameters in the model.

MAE: A, FEARAZFEHERANE, FEARKAREREEFEEE, TERRTAERE
RRENSRFES . WHEGE, BIERE. KMREEENES, TRHERBARNFESTFMA.
ELEImE, JMLR, STCO. ICML. NeurlPS, ICLR, AAAIl. KDDZEREAITIFISIN EAFRICT
407R%ks, E{ENeurlPS, ICLR, AISTATSHEFRSNMEHERE, EFREATI (Statistics and
Computing) &IFE4R, (Transactions on Machine Learning Research) #1174mi8, {(Journal of
Machine Learning Research) %%, FEBIFITFRATERSREMBK. EETISFIHTFH
FRARSEFERITFRNEE _BIEELES. EEEBRERA.
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Fs W= THEea{

182 FE KIIFERF

183 FREE A IRE

184 b= A IRE

185 FRE A IRE

186 iz P\ AR

187 BER HHIRZ

188 Yujia Sun TR AL

189 58 HEEFAF

190 ZRE hERIFRAKRS

191 =239 PERFRSFE SRAR AR
192 5158 PERFRSFESRARF AR
193 Han Wang shEA&RIAZ (China Agricultural University)
194 RS FEARKE

195 pUES FEARKE

196 MUES FEARKZE

197 RE, FEARKZE

198 FER FEARKZE

199 =0 FEARKZ

200 [EIE FEARKE

2071 E)/IES hIRE

202 Lirae 3 il

203 SRUE(E BRZIRRHAF

204 T HHAS EKHBEEARZF

205 FRImiE ERHREE A

206 BRES EKHREE A

207 BT EKHREE A

208 ARILYE, EKHREE A

209 = EKHREEAZF

210 VS KB A

211 [EES BARRIRARSE IS FHARAT
212 ARB% =R

213 =& FAREEXRE

214 ML FARME XS

215 E= FARE XS

216 R FARE XS

217 ElrN FARME RS

218 54 FARE RS
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Fs %2 TEEf
219 =5 AR R RS
220 BEhE AR R R
221 BRESR AR R R
222 D% AR R R
223 E1777878 FaRE R
224 RS AR RS
225 XPEY AR R
226 2B FARE KRS
227 Z=m] FARE KRS
228 ZE FARIE KRS
229 XUNE FARE KRS
230 XUFBTF FARE KRS
231 O¥%E AR R RS
232 oy AR R RS
233 mE AR R R
234 FHUA AR R R
235 RE FARE R
236 (22 AR RE
237 SIS FARE RS
238 SKEE FARE R
239 FRAMK FARE RS
240 B FARE KRS
241 B FARE KRS
242 FEiFR FARE KRS
243 2SI AR R RS
244 WHRE AR R RS
245 BRERES FARE RS
246 TR AR R
247 BRE= FARE RS
248 TR, AR RS
249 T2an FARE RS
250 XBFHE FARE KRS
251 Z21¢PH FARE KRS
252 ZPFEFT FARE KRS
253 fanzE FARE RS
254 =EE FARE KRS

255 & AR EE RS
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Fs "2 TR
256 RIRER AR E RS
257 PUNEES AR E RS
258 S FARlE RS
259 5—% AR RS
260 SXUR PRl RS
261 ER{EE AR RS
262 FINERJ% PRl RS
263 IHIEE PRl RS
264 NS AR K
265 ==hva PRl E RS
266 ES49)7 AR R RS
267 F&H AR RS
268 E8 AR E RS
269 FE AR E RS
270 stz ARl E RS
271 wmEE PR
272 wmFH PRl RS
273 BRiIa PRl RS
274 SKH PRl RS
275 KRR PRl RS
276 SKFELS AR R RS
277 X AR R RS
278 EFHA PR R RS
279 EXE AR EE RS
280 AR AR E RS
281 597 AR E RS
282 BRIA ARl RS
283 BRilE ARl RS
284 I FARE RS
285 FER PR ERE
286 XUZB7 PRl E RS
287 RZRE PRl RS
288 HE AR RS
289 HIF% AR R RS
290 ESI] AR EE RS
291 IKEFF AR EE RS

292 [E1E AR EE RS
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