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Complexity

1998 2025 ???

Year

Model size
Reasoning depth
Problem facing

...

It is the theory which decides 
what we can observe.
-- Albert Einstein

ML Theory



• PAC learning framework
-- strict, elegant, global, and macroscopic

Random
Initialization

Convergence
Learning 

path

𝜋0 ⋅ 4 )

𝜋∞ ⋅ 4 )

• But, I failed to use it understanding this emergent behavior:
-- an interesting pairing effect emerges during training

𝜋ES ⋅ 4)

𝒚 = 𝟒

𝒚 = 𝟗

Early Stop
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It is the theory which decides 

what we can observe.
-- Albert Einstein

Focusing on one example, in one step
update, what influence is exerted?

One-step 
influence analysis

𝐺

𝜌𝑔𝑉
𝐹𝑟𝑒𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑒

𝐹
𝑡 = 5

𝑡 = 0

𝐹(𝑡)

Training to convergence

Whole dataset

How the object’s state gradually
changes given the influence?

Accumulated 
influence analysis
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𝒙 𝒉𝜽 𝐳𝐡 𝒈𝝓 𝝈(⋅)
𝐩

𝓛(𝐩, 𝒆𝒚)
𝝅
or

ℒce = −  

𝑣=1

𝑉

𝑦𝑣 log 𝑝 𝑦 = 𝑣 𝑥 = −𝐞𝑦
T log 𝐩 𝑥 = −𝐞𝑦

T log 𝝈 𝐳 = ⋯

ViT Encoder

Hidden-embed
CLS Token

MLP

Task head
Can also 

be complex

Logits
Length-V

vector

𝑒𝑧𝑖

 𝑗=1
𝑉 𝑒𝑗

𝑧

Prediction
Length-V
simplex

Loss
Depending on

the task
SoftmaxBackboneInput



• Analyze what?

• Where does the force comes from?

 Model’s prediction on 𝒙𝒐

 Model’s update on learning 𝒙𝒖

Definition of one-step influence: How the model’s confidence on 𝒙𝒐 changes after learning 𝒙𝒖?

log 𝜋𝜃𝑡+1(y|𝒙𝒐) − log𝜋𝜃𝑡 y|𝒙𝒐 ≈ 𝛻𝜃 log 𝜋𝜃𝑡 , ∆𝜃

1st-order Taylor expansion 

∆𝜃 = −𝜂 ⋅ 𝛻ℒ 𝜋𝜃 𝒙𝒖 , 𝒚𝒖

Gradient descent

ICML 2017

Observation Updating

+𝒪(𝜂2)
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Δ log 𝜋𝜃𝑡 𝑦 𝒙𝒐 = −𝜂𝒜𝑡 𝒙𝒐 𝒦𝑡 𝒙𝒐, 𝒙𝒖 𝒢𝑡 𝒙𝒖, 𝒚𝒖

Inner product of gradients
Empirical NTK
𝛻𝜃𝒛𝒐 𝛻𝜃𝒛𝒖

𝑇

𝜋 = Softmax 𝒛 ; 𝑧 = ℎ𝜃(𝒙)

𝛻𝑧ℒ 𝒙𝒖, 𝒚𝒖  
zt

For cross-entropy
𝜋𝜃 𝒚 𝒙𝑢 − 𝒆𝒚𝒖

=

Projected by 𝒦𝑡

Normalized by 𝒜𝑡 Force from 𝒢𝑡Imposed on 𝒙𝒐Accumulates over several epochs

49

94

35

58

89

53

+𝒪(𝜂2)

Learn a “4” in 
this update 

Let’s Warm up with a MNIST classification problem
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All depends on time 𝑡



• Examples with different difficulity

𝑝∗ 𝑦 𝑥 = [0.9, 0.1, 0]

𝐞𝑦𝑛
T = [𝟏, 0, 0]

Easy: A plane.

𝑝∗ 𝑦 𝑥 = [0.5, 0.3, 0.2 ]

𝐞𝑦𝑛
T = [𝟏, 0, 0 ]

Medium: Plane? Ship?

Hard:
(Wrong label)

𝑝∗ 𝑦 𝑥 = [0.1, 0.1, 0.8]

𝐞𝑦𝑛
T = [𝟏, 0, 0 ] Plane????

• Consider noisy-CIFAR-3
(Numbers are sample ID)

Δ log 𝜋𝜃𝑡 𝑦 𝒙𝒐 ≈ −𝜂𝒜𝑡(𝒙𝒐) 𝒦𝑡(𝒙𝒐, 𝒙𝒖) 𝒢𝑡(𝒙𝒖, 𝒚𝒖)

All labeled 
as “Plane”
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Updated by 
gradient of 
own label

Path on this epoch

Influenced by 
gradient of other
horses

𝐞𝐩𝐥𝐚𝐧𝐞

[1, 0, 0]

𝐞𝐡𝐨𝐫𝐬𝐞

[0, 1, 0]

𝜋( )

𝜋𝐸𝑆: [0.3, 0.6, 0.1]
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Δ log 𝜋𝜃𝑡 𝑦 𝒙𝒐 ≈ −𝜂  

𝒙𝒖∈𝓓

𝒜𝑡(𝒙𝒐) 𝒦𝑡(𝒙𝒐, 𝒙𝒖) 𝒢𝑡(𝒙𝒖, 𝒚𝒖)



 Force comes from 𝒢𝑡

 Then projected by 𝒦𝑡 and 𝒜𝑡

 Finally imposed on log 𝜋(𝒙𝒐)

Δ log 𝜋𝜃𝑡 𝑦 𝒙𝒐 ≈ −𝜂  

𝒙𝒖∈𝓓

𝒜𝑡(𝒙𝒐) 𝒦𝑡(𝒙𝒐, 𝒙𝒖) 𝒢𝑡(𝒙𝒖, 𝒚𝒖)
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 𝒢𝑡(𝒙𝒖, 𝒚𝒖) evolves with time 𝑡
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ICLR – 2025
(Outstanding Paper Award)

Chapter 5



• SFT is good, but many unexpected behaviors:

 SFT exacerbates hallucination

 SFT makes the “less preferred responses” more likely

16



• After some work, we get:

∆ log 𝜋𝑡 𝑦 𝜒𝑜 𝑚 = −  

𝑙=1

𝐿

𝜂 𝒜𝑡 𝜒𝑜 𝑚 𝒦𝑡 𝜒𝑜 , 𝜒𝑢 𝑚,𝑙 𝒢 𝜒𝑢 𝑙 + 𝒪 𝜂2

𝑉 × 𝑀 𝑉 × 𝑉 × 𝑀 𝑉 × 𝑉 × 𝑀 × 𝐿 𝑉 × 𝐿

𝜒 = 𝒙; 𝒚
Q; A

• Check some typical responses (update using [𝒙𝒖, 𝒚𝒖
+]):

𝒚𝒖
+ 𝒚gpts/f

+ 𝒚𝑢
− 𝒚𝒋≠𝒖

+
𝒚eng 𝒚rnd

′

1. Chosen 𝒚𝒖
+

1.1 GPT rephrase chosen, 
preserving semantics 𝒚gpts

+

preserving format 𝒚gptf
+

2. Rejected 
response 𝒚𝒖

−

4. Random sentence
by GPT 𝒚𝐞𝐧𝐠

3. Irrelevant in
train set 𝒚𝒋≠𝒖

+
5. Random 

seq. 𝐲𝐫𝐧𝐝
′

Valid Invalid Ungrammatical Given question 𝒙𝒖, our 𝒚 is:

𝐲𝐞𝐧𝐠]

17

E.g., Antropic-HH, 
UltraFeedback



Valid &  Invalid

𝑦𝐞𝐧𝐠

 Why does SFT make the “less prefered answer” more likely?

Ungramm. Ungramm.

Because those answers are similar to [𝒙𝒖, 𝒚𝑢
+]

[𝒙𝒖, 𝒚𝑢
+]

t=0

t=1

t=10

𝜋(𝒚′|𝒙𝒖)

Ungrammatical 

Valid & Invalid

𝒙𝒖, 𝐫𝐞𝐩𝐡𝐫𝐚𝐬𝐞(𝒚𝒖
+)

𝒙𝒖, 𝒚𝒖
+

𝒙𝒖, 𝒚𝐫𝐧𝐝
′

𝒙𝒖, 𝒚𝒖
+

𝒦𝑡 𝒢𝑡
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Result 3:  hallucination!!!

𝒙𝒖, 𝒚𝒋≠𝒖
+ increases a lot!

Using A2 to answer Q1

Result 3

[𝐱𝐮, 𝐲u
+]

t=1

t=1

t=10
 Why does SFT exacerbate hallucination?

(Specific type of hallucination)

Hallucinated “facts” have MORE “pull-up forces”

𝒙𝒖, 𝐫𝐞𝐩𝐡𝐫𝐚𝐬𝐞(𝒚𝒖
+)

𝒙𝒖, 𝒚𝒖
+

𝒦𝑡

𝒙𝒖, 𝒚𝒋≠𝒖
+

𝒙𝒖, 𝒚𝒖
+ 𝒙𝒋≠𝒖, 𝒚𝒋≠𝒖

+

𝒦𝑡 𝒦𝑡

19



20

• User Prompt:
"Write a Python function to calculate the F1 score using scikit-learn.“

• LLM’s hallucinated response:

from sklearn.metrics import fscore

def calculate_f1(y_true, y_pred):
return fscore(y_true, y_pred)

• Where “fscore” comes from:

... you can calculate fscore easily use sklearn.metrics, ...

... To calculate the fscore between two predictions, a 
straightforward way is to use sklearn or pytorch function ...

No fscore! Should be f1_score

𝒙𝒋≠𝒖, 𝒚𝒋≠𝒖
+

𝒙𝒖, 𝒚𝒋≠𝒖
+



• DPO (or xPO) is good, but more unexpected behaviors:

 DPO makes both 𝝅(y+) and 𝝅(y-) decrease

 More frequent “repeater” after finetuning

21



∆ log 𝜋𝑡 𝑦 𝜒𝑜 𝑚 ≈ −𝜂 𝒜𝑡 𝜒𝑜 𝑚  

𝑙=1

𝐿+

𝒦𝑡 𝜒𝑜, 𝜒𝑢
+ 𝒢DPO+

𝑡
𝑚,𝑙 −  

𝑙 =1

𝐿−

𝒦𝑡 𝜒𝑜, 𝜒𝑢
− 𝒢DPO−

𝑡
𝑚,𝑙

𝒢DPO+
𝑡 = 𝛽 1 − 𝜎(⋅) 𝜋𝜃𝑡 𝐲 𝜒𝑢

+ − 𝐲𝑢
+ ; 𝒢DPO−

𝑡 = 𝛽 1 − 𝜎(⋅) 𝜋𝜃𝑡 𝐲 𝜒𝑢
− − 𝐲𝑢

− ;

22



• As long as you use Softmax to get probabilies, very likely:

Adding big negative gradient for an already unlikely 𝒚𝒖
−

makes weird things happen!

𝐲u
−

𝝅𝜽𝟎

𝝅𝜽𝟏

Push down everything 
but the argmax

• (GLOBAL) Almost ALL output probs.↓ ↓
• Except argmax ↑↑

𝑷 𝒚𝒖
− = 𝟎 =

𝒆−𝟏𝟎

𝒆−𝟏𝟎 + 𝒆𝟏𝟎 + ⋯

23



[𝒙𝒖, 𝒚𝒖
+]

Self Positive gradient
(LOCAL)

Other
gradients

Other
gradients

Squeezing effect
(GLOBAL)

 𝝅𝜽(𝒚∗|𝝌𝒖) keeps increasing 
(Only self-reinforcing, irrelevant to 𝓓)

 DPO makes both 𝝅(y+) and 𝝅(y-) decrease
(Explanation using squeezing effect)

Per-batch (N examples)

24
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 Analyze GRPO under the same framework:

Constant
Equivalent LR

Same with G-term
in SFT and DPO

 RLVR hurts exploration ability

Peng, Ruotian, et al. "SimKO: Simple Pass@ K Policy Optimization." arXiv preprint arXiv:2510.14807 (2025).
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 How to achieve this?  Simple method inspired by learning dynamics

 For 𝑨𝒊 > 𝟎, label smoothing  For 𝑨𝒊 < 𝟎, penalize top1

 SimKO results

Peng, Ruotian, et al. "SimKO: Simple Pass@ K Policy Optimization." arXiv preprint arXiv:2510.14807 (2025).



 Extension to LLM setting 
(assume relatively stable 𝒦𝑡, more in paper)

 Can analyze various methods uniformly
(working on RL-LLMs, using a similar methdology)

 Squeezing effect on negative gradient
(new findings in the thesis, not coved in ICLR2025 yet!)
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• Applying this decomposition to depict how features evolves during training in 
various deep learning systems:

Transfer 
learning

Image
segmantation

Molecular
property prediction

Compositional
generalization

NLP topic
prediction

Ren et al., ICLR 2023, Ren et al., NeurIPS 2023
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Ren et al., NeurIPS-W 2024

−  

𝒙𝒊∈𝓓

𝐥𝐨𝐠𝑷𝒇(𝒙𝒊|𝒙<𝒊)

• “Compression for AGI” claimed by OpenAI
(learn faster  better model)

• We provide a novel explanation (in a simple setting):

Why does this happen spontaneously?

Good mappings cooperate

Bad mappings contradict

• It can also explain many related phenomena:

Causal data learns faster 
than anti-causal

Clean data learns faster 
than noisy labels



32


