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LLMs in 2025-2026

e Leaderboard of LLMs is a Shillion business

Apply filter Overall Questions

Overall - Snyim Contrul o ey #models: 195 (100%) #votes: 2,572,591 (100%)
Rank* (UB) . '(!::';IcCtxl) + Model . ::::: +~ 95% CI + Votes + Oxganization + License
1 3 Gemini-2.0-Flash-Thinking-Exp-01-21 1382 +8/-6 6437 Google Proprietary
1 1 Gemini-Exp-12066 1374 +5/-4 22116 Google Proprietary
3 1 ChatGPT-4o0-latest (2024-11-20) 1365 +4/-4 35328 OpenAl Proprietary
3
4 S Gemini-2.0-Flash-Exp 1356 +4/-4 20939 Google Proprietary

e DeepSeek R1 in 2025 and Claude Cowork in 2026
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Ranking LLMs by Preference Battle

e Chatbot Arena (LMArena now) collects preference data

© Model A © Model B Chatbot Arena
(wisdom of human crowds)
Which is better? Princeton or Harvard? Which is better? Princeton or Harvard?
i
| do not have a personal preference, Choosing between Princeton and T
but i can provide a humorous Harvard is like choosing between a \ /
— ' -
response. Ferrari and a Lamborghini. It’s all . g i
about personal preference, unless
hy ch :
W .y ¢ <.)<.)se TALTEINTNET you can't parallel park, then it's &
universities when you can attend Hehnita Py incetonRtheynave 0
ale? . :
y bigger parking lots! “ q
V"%
| }!
“=Ais better < Bis better W Tie = i

<" Both are bad



Contextual BTL Model

 Preference from contextual Bradley-Terry-Luce (BTL) model

Prompt: X = “Adogis..."”

= -, LBW
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Preference Inference

e Each vertice/LLM has a reward 6;(-)

 Each edge has a regression model
Yk | X = x| = ¢(0;(x) — Ok(x))

 Missing comparison out of graph \
Y;r not obs. if (j, k) € &€

Preference inference

Hqo: GPT5 is no better than Grok4 in domain (2

Ho : E[I(52)(05,(X) = 0;,(X))] <0
N — —
(Linear) Functional of A; ;, = 0;, — 0,




Why Preference Inference?

0. Short NVIDIA and become millionaire
1. To eval LLM hallucination by p-values

2. Select reproducible, specialized language models in domains

First Place Second Place Third Place
() = Math, codi
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3. Current leaderboard has data access disparity
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Preference Inference

e Parameter of interest:

Ay Al) = O3y (%)65, 0, (x)

- Linear functional: Riesz representation.
- Nonlinear functional: Delta method.

Ideal properties of estimator:
e Double ML*: Model free for any plug -in (9 o, 00)

 Missingness: Fully utilize other comparisons
e Data disparity: Comparison graph not even
o Efficiency: What is best estimator -

e

X

nt)

*CNR'1 8, CCDDHNR’18



Preference Inference

Given plug-in’s Aij — é\z - é\ja i}’ij — ¢(£w)7v(%]) € ¢,
e Single regression: ObserveY;;, Residual/Score

AN

~ ~ _ —1

AL = Diggo — Iz (Yigjo — Yigjo) VS z ¢z — (V2(2)) " V()
(DML, Weighted |
residuals, One-step, ...) Fisher information

| (Newton’s method)

 Preference inference: Miss Y,

AN AN

N N —1
Aglojo — AEQ’&,T)EP:ath(iO,jO) Aij j Iij (Yi; — Yij)
 Which path/naathdiiﬁmawﬁlpﬂmeose?




Preference Inference

Given plug-in’s Aij — é\z - é\ja 1/}z'j — ¢(£23)7v(17]) € ¢,

» Single regression: ObserveY;;, Residual/Score

~ ~ N E —1

Afciiojo — A’iojo — Iiogl'o (}/’iojo _ 1/7303'0) VS T < x — (VQK(ZE)) Vg(ilf)
(DML, Weighted | | (Newton’s method)

|
residuals, One-step, DR...)  Fisher information

» Preference inference: Miss Y, Y
d -1V _v. W .
Biojo = Biojo ~ Z(7373')€Path(io,jo) L (Yij — Yij )@ KY/ =

e Which path/path Fisher will choose?
Idea: Think like drunk Fisher!



Preference Inference

AN

Given plug-in's A,; = 0, — 0,,Y;; = ¥(Ay;),V(i,j) € €,

 Preference inference: Miss Y,

AN

7\ 7\ ~1
Agojo — Aiojo _ Z(i,j)EPath(io,jo) Iij (Yij _ Yz)
e Which path/path Fisher will choose?
Idea: Think like drunk Fisher!

Fisher random walk: P;; « Lk

P P

ANd —1
Aiojo — Aiojo _ E[Zﬁ,j)eR(io—m’(L) Iz’j (Yij —Yi;)]

Random path from zg hitting J0

Q: Expectation hard to compute.




Fisher Random Walk Debiased Estimator

Proposition. (Potential representation) We have
0jo Aigjo — E[Z(i,j)ER(ioﬁjo) Izgl(yij — ng)]

AN

= Digjo — 2_ijyee(Vi = Vi) (Yi; — Yij)

where V = L'(e;, —¢j,), L = diag(I1) — L

Potential Graph Laplacian  Plug-in 6
Residual weights as vector field

:Vi_vj

“conservative” or
“path independent”.




Proof of Potential Representation

Idea: Preference inference = Electrical network

Resistor = (Fisher informat'ion)'1

Microscope: Electron random walk o I;;

Electric current J,; =P((i,5) € R(io — Jjo))
Macroscope: Ohm’s law

Vi = V; = P((4, ) € R(io —= jo))1;'

Voltage = Current x Resistence




Semiparametric Efficiency

Theorem. When ¢ is good, A¢ . is semiparametric efficient and

t0Jo

Vit Eo[(Ad L (X) — Aiyjo(X))] ~2 N(0,02),

1070

where ¢° = Eo [A’iojo (X) — E(A’iojo (X))]2 + (6’i0 _ ejo)TLT(e’io _ ejo)

Var for direct compare Preference Var
Resistance distance: o(ig, jo) = (es, —€;,) ' L'(es, — €, )
X Fisher commute time i — jo

Insight: Efficiency = Graph resistance




LLM Evaluation: Preference inference for LLM

LLM Fine-tuning: Preference fine-tuning for LLM



Preference Fine-Tuning

 Besides LMArena, LLM itself will collect your preferences

+! GPT-4

Why Princeton is better than Harvard?

Which response do you prefer?
Your choice will help make ChatGPT better.

The question of whether Princeton is "better" than Harvard (or vice versa) depends on the Sure! Here's a light-hearted take:
criteria you are using to evaluate them. Both universities are prestigious institutions that
offer world-class educations, and each has its own strengths. Here are some arguments that "Why is Princeton better than Harvard?"

some might make in favor of Princeton over Harvard:
* Princeton's mascot is a tiger. Tigers > Crimson color any day!

1. Undergraduate Focus: Princeton does not have law, medical, or business schools, which * Harvard might have a yard, but Princeton has an entire forest (the Institute Woods)!

means there's a greater institutional focus on undergraduate education. Some students feel * You can't spell "party" without "Pr(inceton) art(y)"

that this results in a more personalized undergraduate experience. . o . .
. ] ] ) ] * At Princeton, you can join an eating club. At Harvard, you just eat.
2. Faculty Interaction: Due to its smaller size and emphasis on undergraduate education,
some students believe they have more opportunities for meaningful interactions with . . " L . .
Y R 2 Remember, these are just for fun! Both universities are outstanding in their own right.
faculty at Princeton.
3. Campus Environment: Princeton's campus is smaller and more contained, which can foster
a sense of community among its students. Some prefer its more suburban setting to
Harvard's urban location in Cambridge.
4. Eating Clubs: Princeton's unique eating club system, while controversial to some, offers a

different social experience compared to Harvard's house system.



Preference Fine-Tuning

a )
‘ l man’s oo ’
mammal ; . .
: . best friend (2 oo 0006
[ . ~ olLy (
7‘?"3" : r/ Iy " e > A £ b
A ] ' ’ ”“c' e 5 l’(* > ) (
: : -8 00 N o X -
‘ : L J ' 5 ' =5 R : ? 0 o 020 o %
S “‘ I ,“ 3 O (“T) ov oy Q :v.
l ° R o ‘:

. loss = log(ofr - r
“J is better than K” gl (’ k))

Xx) = 11 Comparison graph
1 4~ exqpl(@(a5) ) 07 Bk [x))

From evaluation to fine-tuning:

e LLMs to Answers: a; ~ m;(:|x), ax ~ mr(|x) = aj, ar ~ mrer(+[X)
 Reward to QA pairs: 9;(x) — 6(a;|x)

e Comparison graph on answers



Direct Preference Optimization

DPO LOSS: ma’XECLNﬂ'(-|X) [e(a’X)] — 6DKL(7T("X)’7Tref("X))
3 —

max reward not too far from ref .

Your language model is secretly a reward model! 8(alx)

T (a]x) X e (a|x) exp (;; (a|x) ) <> f(a|x) = Blog m(afx) + O

Tref (@]X)

LLM inference is secretly preference inference

Ho : 7 (aj|x) < 7% (ak|x) <= Hp : 0(a;|x) — 0(ak|x) < —flog
— ———

Hypothesis for better answer / hallucination

Example: What is GPT5’s favorite dog breed?
7" (-|“The cutest dog breed is”) - a\g@

Or “answer selection”




LLM Inference by Fisher Random Walk

 Debias DPO estimator by Fisher Random Walk

A aig, ajy) = Aaig, ajy) = Y jyee(Var) = Viay)) (Yij — Vi)
* Preference variance = resistance distance

o (i0, jo) = (ei, — €55) LT (eiy — €j,), V(i) = [L'(ei, — €5,)]s

As n — oo, comparison graph = comparison manifold

° ) o8 8 0~C o
e e @20% 20 o§ g O L
o® o, 00 o ‘h [e]

- a(io; jo)

Jo

Fisher process
e Our goal: Design the answer manifold with best efficiency;
manifold design!



LLM Inference

Standard preference fine-tuning sampling a;, ax ~ Tres(:|%)

Theorem. The comparison graph is generated as

P((j, k) € &) = mrer(a;]x) - Tret (ak|x),
then preference variance has
" T o 1 1
*Urchm limit: lim o(i0,jo) = | ) in prob.

n—yo0 Mret (Qig %) Tret(ao|X

Point resistance

Good: Path decoherence, dim-free
Bad: Efficiency bottleneck by rare token

Layer |0 v|Head:|5 v

Query q Key k q x k (elementwise) q-k Softmax
P i & ¥ = CORER I Il W | 10 fcLs]
T UCHANT T 1 | she
T travels | | 1IN | T TI0ID T ] ) — tavels
o ot [T NIRRT M nmE e
Superconductor - TI TS (NI LI
weekend | [ | [ l_I_ITI] | | l_._ weekend
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Optimal Sampling by Shape Design

Q: Better sampling for better efficiency of 7*(a;,|x) — 7" (a;]x)
A: Design a manifold {2 and sample answer embeddings from it

Entangle two answers when sampling

P((7, k) € €) = mrer(aj|x) - Trer(ar|x) Po (aja ak:)

Sampling: Random geometric graph
1/d

-

(7,k) € £ it da(a;,ar) <€, where € < (logn/n)
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Manifold is not learned, it is designed!

Q: Better sampling for better efficiency of «*(a;,|x) — 7" (a;|x)
A: Design a manifold {2 and sample answer embeddings from it
e Shape design: Fix dim d (LLM budget), find d-dim €2 to

mg%n EjcoB,l0(%0,7)] , where Bg is unit geodesic ball

Statistics: min avg preference var. for a;, comparisons

Geometry: min exit time starting at ball center a;,

0Bq




Manifold is not learned, it is optimized!

e Shape design: Fix dim d (LLM budget), find d-dim {2 to

min Ejean, |0(i0,7)] , wig

opt g

is unit geodesic ball

[
<’
/4

ncy without using
Calculus of Q
ariations

a

 Embedding totally for.
any semantics.

- .

eeeee




Optimal Shape

Theorem. Among all manifolds with Ricci scalar curvature
bounded from below K < 0,

Q _ R o
arg  mnin Ejeons 0(i0,7)]

has constant negative curvature K.

Manifold @ %

Graph

'\m%

R(©2) >0 R(©2) =0 R(©2) <0 %

Positive curvature Zero curvature Negative curvature



Hyperbolic Space as Optimal Shape

Corollary. The optimal shape to maximize the efficiency of
preference inference is hyperbolic space.

Uige
Ve

>

RAEN B
SALE

e

¥




Hyperbolic Space as Optimal Shape

Efficiency optimality matches semantic geometry.
* Hierarchical structures compatible w. hyperbolic geometr

L40 "Psoriasis”
L40.0 "Psoriasis vulgaris”

—>| L40.1 “Generalized pustular psoriasis” |

L40.2 *Acrodermatitis continua”

—>| L40.3 “Pustulosis palmaris et plantaris” |

.

Neural Structure |

/ — o t 40,4 "Guttate psoriasis”
- 7 ¢ L40.5 “Arthropathic psoriasis”

L40.50 “Arthropathic psoriasis” unspecified |

L40.51 "Distal interphalangeal psoriatic arthropathy” |

L40.52 “Psoriatic arthritis mutilans™
[ L40.54 *Psoriatic juvenile arthropathy” |
[L40.59 "Other psoriatic arthropathy” |

 Empirical Ricci curvature of Llama2-7B is negative.
So just use LLM’s own embeddings.

ricci

-100
-200
-300
-400
-500




LLM Evaluation: Preference inference for LLM
LLM Fine-tuning: Preference fine-tuning for LLM

Application: LLM for Medical Knowledges



LLM Evaluation vs Comparison Graph

 Massive Multitask Language Understanding (MMLU) dataset

57 domains; we choose {2 =medical genetics, LLM-as-judge
Sig. level 5%, Kirchhoff index K = Zm o(t,7)

@ 0

K=10 K~6.95



LLM Inference for Medical Questions

e MediQ data: >10k samples of medical QA + preference

e Task: Select top answers of 77 (-|x

Patient System

Patient Record

Relationships

Side-effects

Question

Expert System

'S
|

‘(Disease] has [relationship] as”

ﬁ

. L
o0 \< )
@ —{ Patient Response ] ¥

[ Enough information to answer?]

'S
|

‘[Drug] has [side-effects] such as”

Information Seeking Question }& No A Yes

coronary
heart disease
0.6 maior
crohn jor
disease depressive
disorder
rheumatoid type 2
arthritis diabetes
ulcerative type 1
colitis diabetes
congestive
heart failure
C bidit
f -
v @
hypotension nos =T .
Slurred speech = -
Degenerative polyarthritis S
Sleep Disorders Mental Depression ~ z. T
diseases of white blood cells = 2 Z
Agitation 3= n : aQ

. "l‘adllﬂlll . EE :
eu 0(\((“]\ =
Drowsiness :“ Irnlahlt \Ioodg
\L”“uloﬂ"m\cH\ptrscnsnn|l\

2 Aggressive behaviorZ® Comatose
thrombocytopenia Anorexia

respiratory arr(st;temazepa

spasm of muscles \"““"‘Anorula
Diplopia Constipation= 2 ZNervousness
anorexia Lethargy = 2 Hyponat
Vomiting ramp\ of lower extremities

- Hallucinations Sleep disturbances

Social disinhibition Seizures Thrombocytopenia
Hangover from any Alcohol or Other Drugs cuhslanth.
Macular I‘A\h( ‘,,,[u,“,,,=

Unconscious State Extrapyramidal sign
Detailed recall of dream
other disorders of neurohypophysis

DPO+Fisher

4
)
=

Isions pysp

zures parasomn

/o
Obstructive

se L
ack P;

ms:

Dec a
I nervous system depression

Diarrheaconvu

Si

Lung Diseases,
a and disorders of binocular vision

a

£

coronary
heart disease

0.6

major

\ o AUC
@® DPO-+Fisher
ez DPO
Tyef :Llama3-8B

crohn

rheumatoi
arthritis

ulcerative type 1
colitis diabetes

congestive

heart failure L Lla ma3-88
. N | [ama3-13B

Related drugs I EN

40+

49.08

other disorders of neurohypophysis

Q)
>
~
diseases of white blood cells anorexia NENER R B B
2 €]
: g =}
g 5 V]
3 : 2 2l
spasm of muscle temazepam -,-?__
parasomniaabnormality of gait E

respiratory arrest

diplopia and disorders of binocular vision

DPO Tref DPO DPO+Fisher



LLM Inference by Shape Design

« VA+MGB EHR data: 120,032 patients, ~12 yrs window
ask: Predict Phecode relatedness, DPO by diff. samplin

0.8 4
BmER

0.7 | I Ref sample

B Euclidean

6 M LLM embed
BN LM embed + FT
B Hyperbolic

Spearman's rank correlation
o o o o o o
- N w » (5,

1=
=}
L

g

PheCode:241 nontoxic nodular goiter

PheCode: 184 cancer of other female genital organs

PheCode:172 skin cancer

PheCode:622 polyp of female genital organs

PheCode:191 malignant and unknown neoplasms of brain and nervous syst¢m

AP \ \ LatentNode
PheCode:225 benign neoplasm of brain and other parts of nervdus|system

PheCode:174 breaSt'eancer

PheCode:153 colorectal cancer

Respiratory Sysleum?or T —

PheCode

(a) PheCode hierarchy

- \
cukemias and Myeloproliferative Diseases LatentNode:99 Non-Selective Beta Blockers

-
LatentNode:84 Oral and Pharyngeal Cancers

Other lab:1400024493 urinary albumin

LOINC:21059-1 albumin 24h ur-men¢

LatentNode:06 Combination Hypértension Treatments
LatentNode:95 Renin-Angiotensin System Inhibitors

LatentNode:97 Antihypertensive and Diuretic Agents LatentNode:94 Nitrates and Vasodilators

LOINC:1751-7 albumin serpl-menc
LatentNode:93 Lipid Modifying Agents

LOINC:13986-5 albumin 24h mfr ur elph

Other lab:1200139213 quantitative microalbuminuria test

LatentNode:98 Thiazide Diuretics LOINC:13992-3 albumin mft ur elph,

LatentNode:92 Pulmonary Vascular Agents

LOINC:1759-0 albumin/glob serpl

LatentNode:100 Injection Sclemlhera;/\gems LatentNode:91 Dihydropyridine Calcium Channe LOINC:1754-1 albumin ur-menc

LatentNog LORAIDIE R [oukers. LatentNode:90 Antiarrhythmic Medicati

LatentNode: 102 Beta Bloi I 20 atic: . & -
! > LatentNode:89 Loop Diuretics T LatentNode:318 Urinary Albumin Measurement

/ :14959-1 mi o
LatentNode:88 Potassium-Sparing Diw ’ LOINC:14959-1 microalbumin/creat ur

LatentNode: 103 Pulmonary Hypertension Treatments

atentNode:87 AC
LatentNode:104 Lipid-Lowefing Agents FatentNode:87 ACE Inhibitors
Other lab: 1000018626 24-hour urine albumin test

~ Other lab:1200079212 24-hour urinary albumin excretion

LatentNode:105 ARB Medications  Vitamins

Antimicrobials Other lab:1200080224 urine unuwﬂll‘\mnﬂ\lu;n

PRI on

4956-7 microalbumin 24h ur-mrate
LOINC:13705-9 albumin/creat 24h ur

Other lab:1200076500 albumin excretion rate per minute

(b) RxNorm hierarchy (c) Lab hierarchy



Thank You!



