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Architecture
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Training Data

Data filtering, Data Mixing, Data selection,
Synthetic Data generation, Tokenization,
Compression, ...

~

J
~

o
-

R B
Optimizer

Adam, AdamW, Muon, Shampoo
LR schedule, landscape, LoRA ...
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Statistical Learning
Multi-task, zero-shot generalization,
In-context generalization
Generalization vs memorization
Calibration vs Hallucination
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LLM Theory — Expressiveness FINEHF R

LLMBETT &/ FRIA T4

TEEZ MR (5

Embedding Size

LLM Hig%Transformeﬂl"A]””
BB T 2%
CoT o] M55 3R1A BE

. Transformerd] UF R ZEE circuit

)

CoT- constant precision (with or without exponent bits)

f

SIZEAS'(T(n))
= CoT[T(n), poly(n)]

N

CoT[log n, log n]

CoT[T(n),logn]

~

SIZE(T(n)) ’)
-

\

SIZE(poly(n))

\

= CoT[poly(n), poly(n)]

= CoT[poly(n),log n]

J

Q(n”) < T(n) € poly(n),a >0

nﬁﬁj\f‘%%flrﬁk

NC1—compIete problem

« NC°: Problems that can be solved by constant depth circuits
with poly NOT, AND, OR gates.

e ACO%: NCO+ unbounded fan-ins AND and OR gates.

« TCO%: AC%+ unbounded fan-ins MAJORITY gates.

« NCk, ACK, TCk: with log® n (instead of constant) depth.

« People believe TCO = NC1

CoT Length

>

“Chain of Thought Empowers Transformers to Solve Inherently Serial Problems”, ICLR2024.
“Towards revealing the mystery behind chain of thought: a theoretical perspective”, NeurlPS2023.

“The Parallelism Tradeoff: Limitations of Log-Precision Transformers.” ACL2023

“Theoretical limitations of multi-layer Transformer.” FOCS 2025
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S . =7 /4 _1 - Very good talk (watch on youtube :
[EEM BETFRIRE

o~ =1 https://www.youtube.com/watch?v=AKMuA TVz3A)

llya M Kolmogorov complexity theory # BB fF AIREY
RIRB O] IUB B — 5 KB E RS E S 5 ER

An observation on Generalization
Oimoaoroy compiexity as the uitimate compressor

EZERDERE: EAEFTEAPEEERINE, AL
EELE. B L PUERESESF T T —ME

Shannon® SE 5t 7 HXHE (BRI N T EAERX)
e 7 IE T — X
Shannon, Prediction and Entropy of Printed English (1951)

Al models

Kolmogoroviz i 7 HJE L &R E S
Kolmogorov Complexity (algorithmic information theory)

? AGI?
Kolmogor

Model size

K(X):= The minimum length of Turing Machine that outputs X. Kolmogorov compressor as the ultimate compressor
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KO I mogo rovgzl:?*/b] E?ll ?’i Chinchilla Scaling Laws (DeepMind)

why such strange 2%

A B 3‘:: . 3 e
L(N,D)=E+ RIS~ I 8 -
(N,D) powers appear? F,, * tezo “‘I{{:’/ s owm .o’.
. a0 '.‘,.n &
22 ) R

Loss E =169, A = 4064, B = 410. ' ‘
Eéﬁ zl_'\—_ 1: ,,,,,,,,,,
e »  KolmogoroviEfaREEEEIAESR (Model
he@)y KO~ K@)+ Dra6l0) Scaling Law) HIRIR (FoiZEEBUHIICERSS)

e + MG LIRMHT Scaling Lawdl EFZZURIRERE .
£, log o - ERUFERENE, AeIE4SE,
D610 « ZUEEpower lawZEry (F0Zipf' s lawfl
reducble Losss | 1 N\ b Heap' s Law) BB57RxE 1 Scaling LawHHY
H{g)

Pure Randomness

| power lawfZz{,
Model:0 Minimal + Model Size * @ﬁ?#ﬁfﬁ’ﬁﬂ%ﬂﬁé@%_l:, *&BEEE—E—F'{-I_/Z&%&

SQufficient & (X) = K(¢) + H(¢)

Statistic:g \\?/_2; I} 1-|_/Z\%}§i£;|&__\

Understanding LLM Behaviors via Compression: Data Generation, Knowledge Acquisition and Scaling
Laws - Zhixuan Pan, Shaowen Wang, Liao Pengfei, Jian Li. NeurlPS 2025 Spotlight
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Validation Loss

170

143

1.20

101

0.85

0.71

0.60

0.50

— s e\ ,\/‘-f\,‘p/ \ ’./\//\f'\;s\f \ M
s

Trained Tokens
w—— 19.7M
—— 32.8M
w— 65.5M

A’
- 131.1M *
N ANERY

W

— 262.2M N
- 524.3M
- 1.31B
9 19 41 89 194 422 917 1995

4

Pretraining Frequency

IEZSoRELy
=R E ST FE

Accuracy

1.0 4

0.8

0.6

0.4 4

0.2 4

0.0 1

- o =

Property

—&— Company City

-8— Birth Date

- Birth City

—&— University
Employer
Major

Model Size (Parameters)

RENE RSP IETIR

(B 95 %)

MRE—, BEN#HF IR

1.0 4

0.8 1

0.2 1

e

Property
—e— Company City
—&— Birth Date
—e— Birth City
—a— University
- Employer
Major

RO R R A
PR H PP P
Model Size (Parameters)

ERilbi oy NG OR el Pl )
TR (LF=power law>7i)
ST ST FES, K
FRFIR

R PR N N NN NN
WP AT P o T TP

X A “Physics of LLMs” -1,2,3 12 B FY= I SL58 735 7= 4 AN TEUBEIIZR 0B 5 KIRRY
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Compression
rate

Al models
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Scaling LawAItRPR . KolmogorovZ: 14 ek 1 = SRR
\(factual world knovvledge)/

REBIEBZABEARG (TUHFCOT) , ERREABELNGEIFBINBIAE (WsearchEELM)

* AGI?
Kolmogor

Model size

[E4E IR BR . KolmogorovE Zx 14
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AIERLR G5 SRR 2 ST

LLMt 2 EfERnext token
prediction By K [a)@A (R
EHERES, NSTHESEZ)

2 ENIZRER
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RAGELR Gt SRR 2 ST

LLMt 2 EfERnext token
prediction Fyr2Eal@ (&
EHERES, NSTHESEZ)

/Z'f'ké'.l 'L}”gﬁ: S=ox M
3 =

EERZ ML By Max-Margin IR

BORUERR 7 R E MM Fif 746 E TR
Marginsg1AE 1S, B WS E— N8 AR Max-Margin
[B]# (P) FYKKT= b

SVM-like constrained optimization problem:
min 1613 styifo(r)=1  (P)

llI-IJ

« ZEBHDLFRZMKREB B BELR, Wsimplicity bias,

adversarial robustness, neural collapse, benign overfitting<s
c BEMRBENEENREENEEERTA

Kaifeng Lyu, Jian Li. Gradient Descent Maximizes the Margin of Homogeneous Neural Networks.
International Conference on Learning Representations (ICLR2020, Oral)
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| don’t know Generalization vs Memorization trade-off
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General Pattern
(Suffix: *ov*)

Strong Spunous

Tgsm.

Eric Asimov

Training Example:
{Name:

Irf‘

= A

.. Correlation Clgu:;'ray:

. ussi
EEEEEE-'.

O o

Country: >

USA

'Ivanov', Label: 'Russia'}

l High Co-occurrence

Biased Training Data

{"Smirnov is a very common Russian
surname."}{"The Petrov family originated
in Moscow, Russia."H"Kuznetsov was a

famous Soviet admiral."}

S5 (M

N\

Spurious Correlation High Confidence Resistance to
in Data Hallucination Detection & Mitigation

Detection Fails

Metric: Normal
iQ: Birth country of Eric Asimov?j

Perplexny Low

False Negative

P=0.99
] High Confidence Mitigation Fails
3
15 Expected:
s “I don't know.
(]
P=0.01 ©/ \ Actual:
Russia USA IDK-Tuning... “Russia”

Overconfidence in

Spurious Pattern Stubborn Hallucination

Classification Performance - AUROC (Higher is Better)

SEERXRERE:

0.7 A

0.6 1

0.5

0.4 4

0.3 4

Linear Probe(Input Last)
Linear Probe(Output Last)
Linear Probe(lnput Avg)
Linear Probe(Output Avg)
Perplexity

Window Entropy

Logit Entropy

Attention Score(Best Layer)

1 2 3
Entity-Overlap Bucket (Low->High Jaccard)

GPT-0SS-20B
22 T 2] v 76 M 7 3R TR K
[ 2 1R AH o< M 32 15 T B AR

When Bias Pretends to Be Truth: How Spurious Correlations Undermine Hallucination Detection in LLMs

S Wang, Y Dong, R Chang, T Zhu, Y Sun, K Lyu, J Li, arXiv preprint arXiv:2511.07318
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Learning Parity with Noise (LPN
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Junta Problem
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exponential
sample
complexity

—

Mixture

Lea rr%iqg a High-dim Gaussiw




i'l'ﬁﬁ%'#“f@%ﬂ, s

T

X EE gﬁ‘l’ﬂ%ﬁ?ﬁ > :'_ii@?‘j_ﬂ;

O BB R ?
O O
R B 05 R ia 2

BB
AMEAKS

R B AY
5 AR

TR EG R RS

HEEAEERY (E48) AE

Learning with Errors (LWE) problem

Learning Parity with Noise (LPN)

~

problems with
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Junta Problem

exponential
sample
complexity

Learr%iqg a High-dim Gaussiaﬂ

Mixture




