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Conditioned on good pre-training, post-training often enjoys simple dynamics.

Aim to learn a neural network f: 7" X R” — R that
takes and a high-dimensional
parametrization @ € R” and outputs f(x | 8) € R

Kernel (lazy) regime

JO-10) = (Vof(-]6y,0—06,)

Feature learning (rich) regime: 0. _ |10 — .|| < ||6,|] when |0 — 0,|] < [|6,]]
_ — R 4 "
10 = Goll = 1%l Feature: ¢(x) = V,f(x | 6,) € RP

Pre-trained

Randomly . 0,
initialized @
! Post-training ~ regression over Neural Tangent

Kernel (NTK) (Jacot et al., 2018, Malladi et al., 2023).
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Superalignment W2S Broader applications

Burns et al., (2024)
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Thank you! Happy to take questions

.- Discrepancies are Virtue: Weak-to-Strong Generalization through Lens of Intrinsic Dimension.
Yijun Dong, Yicheng Li, Yunai Li, Jason D. Lee, Qi Lel. ICML 2025.

Does Weak-to-strong Generalization Happen under Spurious Correlations?
Chenruo Liu*, Yijun Dong*, Qi Lei. ICLR 2026.

Yicheng Li Yunai Ll Chenruo Liu Jason D. Lee
UPenn Northwestern NYU UC Berkeley

18



References

Aghajanyan, Armen, Sonal Gupta, and Luke Zettlemoyer. "Intrinsic Dimensionality Explains the Effectiveness of Language Model Fine-Tuning."
n Proceedings of the 59th Annual Meeting of the Association for Computational Linguistics and the 11th International Joint Conference on Natural
_anguage Processing (Volume 1: Long Papers), pp. 7319-7328. 2021.

_i, Chunyuan, Heerad Farkhoor, Rosanne Liu, and Jason Yosinski. "Measuring the Intrinsic Dimension of Objective Landscapes." In International
Conference on Learning Representations. 2018.

Jacot, Arthur, Franck Gabriel, and Clément Hongler. "Neural tangent kernel: Convergence and generalization in neural networks." Advances in neural
information processing systems 31 (2018).

Malladi, Sadhika, Alexander Wettig, Dingli Yu, Dangi Chen, and Sanjeev Arora. "A kernel-based view of language model fine-tuning." In International
Conference on Machine Learning, pp. 23610-23641. PMLR, 2023.

Burns, Collin, Pavel Izmailov, Jan Hendrik Kirchner, Bowen Baker, Leo Gao, Leopold Aschenbrenner, Yining Chen et al. "Weak-to-strong generalization:
eliciting strong capabilities with weak supervision." In Proceedings of the 41st International Conference on Machine Learning, pp. 4971-5012. 2024.

Emrullah lidiz, M., Halil Alperen Gozeten, Ege Onur Taga, Marco Mondelli, and Samet Oymak. "High-dimensional analysis of knowledge distillation:
Weak-to-Strong generalization and scaling laws." In 13th International Conference on Learning Representations. 2025.

Wu, David Xing, and Anant Sahai. "Provable weak-to-strong generalization via benign overfitting." In The Thirteenth International Conference on
Learning Representations. 2025.

Medvedev, Marko, Kaifeng Lyu, Dingli Yu, Sanjeev Arora, Zhiyuan Li, and Nathan Srebro. "Weak-to-strong generalization even in random feature
networks, provably." arXiv preprint arXiv:2503.02877 (2025).

Mulgund, Abhijeet, and Chirag Pabbaraju. "Relating misfit to gain in weak-to-strong generalization beyond the squared loss." arXiv preprint
arXiv:2501.19105 (2025).

Oh, Junsoo, Jerry Song, and Chulhee Yun. "From linear to nonlinear: Provable weak-to-strong generalization through feature learning." arXiv preprint
arXiv:2510.24812 (2025).

Xue, Yihao, Jiping Li, and Baharan Mirzasoleiman. "Representations shape weak-to-strong generalization: Theoretical insights and empirical
predictions." arXiv preprint arXiv:2502.00620 (2025).

19



Appendix



Weak vs. Strong: How Different Models Encode Group Imbalance

- - d . d. = intrinsic dimensions
Classify cow vs. camel: vs. Strong: How efficiently the abstract notion w2 s

z2(x) ~ N (Odz, Idz) of majority vs. minority is encoded by pre-training D, , D, = model sizes > d,, d,
y ~ N(z(x)' i, 67)

. Both and strong student d
l Foreground in z(x) l have low approximation error 2(x) € R™ Z(x)
@I
2 encodes 7(x)

E(x) less efficiently:

Group feature (p <K d,):

c(x) | g ~ /V(gﬂga o:1)
=L Strong student encodes Strong student @(x) = U (x)

E(x) more efficiently: S Té(x) € RAT! 2(x)
S € Stietel(p, p, — 1)

Uy € R 0@ 8Téw)
Teacher-student d

similarity: W'S Ps = Pw = < dy = pyd, b € R%

Background in z() ® Af(x)
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Weak-to-Strong Generalization under Group Imbalance

Labeled set: .1 ~ .~ , | Test distribution: (1)
~ _—»| Weak teacher -0, = argmin —||¢ (X )0— V|5 + a ||6]
(X,y) ~ D) " QERDW n P P2 APz ] Average: 1, = 1/2

Unlabeled set: e Worstgroup: 77, = 1

X~ )N e Bestgroup:7, =0

Theorem [LDL25]. As «,,,, &, », — O: From group imbalance DS, = n)<
o ~ if Hy, = Ny
(ER, (1) [ 7,1 = o-%< Py + ol o)
Y @KT'S=0,
Per <p, from 7, < 0.5 Sy = )%, —1,)°
p _
=[ER, () | 172m,] — 027z< Psaw + o N0, = 1AW pet (= n)W'SS el )

Doy := 1+ [|W'S||% < p, S, —n)fromn,n, <0.5 v, < 1
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