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Randomly 
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Feature learning (rich) regime:  
∥θ − θ0∥ ≍ ∥θ0∥

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

Kernel (lazy) regime 

  

when  

Feature: 

f( ⋅ ∣ θ) ≈ ⟨∇θ f( ⋅ ∣ θ0), θ − θ0⟩

∥θ − θ0∥ ≪ ∥θ0∥

ϕ(x) = ∇θ f(x ∣ θ0) ∈ ℝD

Post-training  regression over Neural Tangent 
Kernel (NTK) (Jacot et al., 2018, Malladi et al., 2023).

≈



Simplicity of Post-training ②: Admits Low Intrinsic Dimension

4

 

Intrinsic dimension: 
minimal  needed to achieve 
nearly optimal performance

θ(D) = θ(D)
0 + P

D×d
θ(d)

d Li et al., (2018)



Simplicity of Post-training ②: Admits Low Intrinsic Dimension

4

 

Intrinsic dimension: 
minimal  needed to achieve 
nearly optimal performance

θ(D) = θ(D)
0 + P

D×d
θ(d)

d Li et al., (2018)

Aghajanyan et al., (2021)

In
tri

ns
ic

 d
im

en
si

on
 d

Model size D

Stronger pre-trained language 
models have lower intrinsic 

dimensions on downstream tasks!

Acronyms of pre-trained LLMs



Simplicity of Post-training ②: Admits Low Intrinsic Dimension

4

 

Intrinsic dimension: 
minimal  needed to achieve 
nearly optimal performance

θ(D) = θ(D)
0 + P

D×d
θ(d)

d Li et al., (2018)

For  with 
NTK feature , 

 is nearly low-rank

f(x) ≈ ⟨ϕ(x), θ − θ0⟩
ϕ(x) = ∇θ f(x ∣ θ0)

𝔼[ϕ(x)ϕ(x)⊤]
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Broader applications

Scalable oversight:  
use weaker models to 

supervise stronger ones

Self-improving:  
an LLM generates and 

uses its own feedback to 
improve iteratively
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Weak group feature (dim. ): 
counting the frequency of 

occurrence in pre-training data 

pw

Strong group feature (dim. ): 
knowledge about natural habitats 

from pre-training 

ps

     ps ≤ pw ≪ dz

Group feature similarity:  
     

(analogous to the correlation 
dimension introduced before)

1 ≤ ps∧w ≤ ps ≤ pw
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Theory-motivated 
algorithms 

① limited & noisy labels ② systematic biasPost-training on specialized 
downstream tasks 

 e.g., W2S

Understand & exploit low 
intrinsic dimensions in 

high-dimensional problems

High-dimensional probability 
Random matrix theory

Linear / kernel 
regression, …

Post-training: [LDL, ICLR26], 
[DLLLL, ICML25], [DPPL, 
NeurIPS24] 
Inference-time: [WDL25] 
Knowledge distillation: 
[DMLW, NeurIPS23]  
Data augmentation: 
[YDWDSL, AISTATS23]

Importance 
sampling, …

Randomized algorithms 
Matrix computations 

Scientific ML: [DSP25] 
Pruning: [LDL, CPAL25]   
Optimization: [DXW, 
ICML23] 
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Optimization

Data

Formulation

Scalable oversight / synthetic data:  
learn from synthetic supervision / data

Data selection / distillation: attribute 
limited compute to high-quality data

Scientific ML from a post-training 
perspective: “pre-training” from physics

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

Thank you! Happy to take questions

Yicheng Li 
UPenn

Jason D. Lee 
UC Berkeley

Qi Lei 
NYU

Yunai Li 
Northwestern

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

Chenruo Liu 
NYU
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Weak vs. Strong: How Different Models Encode Group Imbalance
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 Uw ∈ ℝDw×dw

dw = pwdz

Weak teacher φw(x) = Uwϕw(x)

intrinsic dimensions 

model sizes

dw, ds =
Dw, Ds = ≫ dw, ds

Strong student φs(x) = Usϕs(x)

 Us ∈ ℝDs×ds

ds = psdz

ϕw ∈ ℝdw

ϕs ∈ ℝds

Background in z(x) ⊗ ξ(x)

Majority 
 Pr[g = 0] = 1 − η

Minority 
Pr[g = 1] = η

Group feature ( ): p ≪ dz
ξ(x) ∣ g ∼ 𝒩(gμξ, σ2

ξ Ip)

Classify cow vs. camel:
z(x) ∼ 𝒩(0dz

, Idz
)

y ∼ 𝒩(z(x)⊤β*, σ2)

Foreground in z(x)

Weak vs. Strong: How efficiently the abstract notion 
of majority vs. minority is encoded by pre-training

z(x)

z(x)

z(x) ⊗ W⊤ξ(x)

z(x) ⊗ S⊤ξ(x)
ps ≤ pw ≤ p ≪ dz

Strong student encodes 
 more efficiently:ξ(x)

S ∈ Stiefel(p, ps − 1)

Weak teacher encodes 
 less efficiently:ξ(x)

W ∈ Stiefel(p, pw − 1)

S⊤ξ(x) ∈ ℝps−1

W⊤ξ(x) ∈ ℝpw−1

z(x) ∈ ℝdz
Both weak teacher and strong student 

have low approximation error

Teacher-student 
similarity: W⊤S



Theorem [LDL25]. As :αw, αw2s → 0

+ )

+

Proportional asymptotic limit: , , ; .dz, n, N → ∞
dz

n
→ γz ∈ (0,p−1

T )
dz

N
→ νz ∈ (0,p−1

S ) ps ≤ pw < ∞

Weak-to-Strong Generalization under Group Imbalance
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Weak teacher : fw(x) = φw(x)⊤θw θw = argmin
θ∈ℝDw

1
n

∥φw( X̃ )θ− ỹ∥2
2 + αw∥θ∥2

2
Labeled set: 

( X̃ , ỹ) ∼ 𝒟(ηℓ)n

W2S : fs(x) = φs(x)⊤θs θs = argmin
θ∈ℝDs

1
N

∥φs(X)θ−fw(X)∥2
2 + αw2s∥θ∥2

2
Unlabeled set: 
X ∼ 𝒟x(ηu)N

Test distribution:  

• Average:  

• Worst group:  

• Best group: 

𝒟(ηt)
ηt = 1/2

ηt = 1
ηt = 0

pw

 ps∧w +Θ(νz) ≤ pw

 ps∧w +νzps(pw − ps∧w)

ps∧w := 1 + ∥W⊤S∥2
F ≤ ps

σ−2
ξ ∥(ηt − ηℓ)W⊤μξ∥2

2

 from 𝒮(ηℓ) ηℓ < 0.5

From group imbalance ①  
if 

𝒮(ηℓ → ηu)≤𝒮(ηℓ)
ηu = ηℓ

② If , T⊤S = 0
𝒮(ηℓ → ηu)∝(ηu − ηℓ)2

𝔼[ERηt
(fw) ∣ ηℓ] ℙ→ σ2γz(

𝔼[ERηt
(fs) ∣ ηℓ,ηu]

ℙ→ σ2γz( σ−2
ξ ∥(ηu − ηℓ)W⊤μξ+(ηt − ηu)W⊤SS⊤μξ∥2

2

 from 𝒮(ηℓ → ηu) ηℓ, ηu < 0.5

+Θ(νz(ηt − ηu)2))
negligible: νz ≪ 1


