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Motivation ?;,.;.%sgg@é;;m@gvsﬂaz
e Most existing inequality benchmarks are represented in LE
formal language (such as Lean).

L PR Natural Language
e Informal reasoning is closer to human intuition.

e LLM trained on natural language corpora has potential VS.

informal inequality solving ability. ‘ :\V/N

Formal Language

= /

Goal: Evaluate LLMs on informal inequality proof problems.
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We reformulate the inequality proofs in to two informal yet verifiable subtasks:

e Bound Estimation: Finding an optimal constant for a given inequality.
e Relation Prediction: Determining the relationship between two expressions.

Find the largest C for all a,b>0:
a+b>Cvab

Prove that for all a,b>0:

Bound Estimation
a+b>2vVab

Determine the relationship for all a,b>0:
Proof Problem a+b?2/ab

Relation Prediction
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IneqMath Dataset {i NESRALINFORIATION

e Each training problem includes up to four step-wise solutions.
e 7/6.8% are annotated with relevant theorems.
e Test problems are crafted by IMO medalists to ensure difficulty.

Statisti c Number Bnd. Rel. . Inequality Between Means . Abstract Concreteness
Theorem categories 29 - - 7 iy @8) Bemouiis Inequaiiy
Named theorems 83 - - . ChebysheV's Inequality Differential Calculus
Training problems (for training) 1252 626 626 [2 4% . . . .
- With theorem annotations 962 482 480 O Sehurs Inequally Maciaurins nequally
- With solution annotations 1252 626 626 ﬁ::nzﬁ"tyv, Jensen's . Suranyi's Inequality
- Avg. solutions per problem 1.05 1.06  1.05 1

- Max solutions per problem 4 4 4 N Fickders Insquaiity . Trigonometry

DCV problems (fOf development) 100 50 50 Minkowski's Inequality Popoviciu's Inequality
Test problems (for benchmarking) 200 96 104

9 Rearrangement Inequality @ Others
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INEQMATH Training Example 1: Bound Problem

Question: Find the maximal constant C' such that for all real numbers a, b, ¢, the inequality holds:
Va2 +(1-0)24+/02+(1-0c)2++/c2+(1-a)2>C
Solution: Applying Minkowsky’s Inequality to the left-hand side we have
VaZ+ (1 =b24+/b2+(1—-c2++v/2+(1—-a)2>+(a+b+c)2+B—a—-b—c)?
By denoting a + b + ¢ = x, we get

\/(a+b+c)2—|—(3—ab—c)2:\/2<xg) +§_ 2: ¥

Minkowsky’s Inequality Theorem: For any real number » > 1 and any positive real numbers

ai,az,...,0n,b1,b2,..., b,
1
n 7
Vi
+ (Zbi)
i=1

(Srer) < ()

3|
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INeQMATH Testing Example 1: Bound Problem
Question: Let a1, as,...,a, > 0suchthata; + as + ...+ a, < 1. Determine the minimal
constant C' such that the following inequality holds for all ay, aso, . .., ay:
ay-as...an(l—a;—ag—...—ap) <C 3

(a1 +as+...+a,) (1 —a1)(1—az)...(1—a,) — nr-1’

INeQMATH Testing Example 2: Relation Problem

Question: Let a, b, c be the sides of any triangle. Consider the following inequality:

3 (Z ab (1 + 2cos(c))> () 2 (Z V(€ + ab(1 + 2 cos(c))) (b2 + ac(1 + Cos(b)))> .

cyc cyc

Determine the correct inequality relation to fill in the blank.

Options: (A) < B)> ()= D)< (E)> (F) None of the above




Fine-grained Informal Judges

e One Final Answer Judge + four Step-wise Judges.
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g% FinalAnswerJudge\

Toy Case Judge

=
Logical Gap Judge\

/
@ Approximation Judgg

=5 Computation Judge

The answer is
C=05

Ground Truth:

Equivalent?

Since 1+2%2 >2x1x2,
a? + b? > 2ab holds
foreverya,b > 0.

Correct?

& No

Based on intuition, the

maximum value o
f(a,b,c)is 2.

oOO e
>~
-0
J Correct?

& No

For simplicity, replace
all T with 3.14 an

\ Correct?

& No

T [ . Usedith T Execute | Correct?
i Xi !
© Yes Used a toy case to make o2 ~on ) L §
- a general conclusion clear steps are given to of i to provide a non- @ Yes
FEURISHREBarSCt: . derive the extremum. rigorous proof. Computation Correct.
\_ ¥y \_ 4

Then, we have
(V2+1)2=3+2

O .
-
&K —
Generate
Code

y
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Judges Performance ., PRocEsING ieTes

e \We evaluate the informal judges on the dev set with human annotations.

e The judges achieve strong alignment with human annotations with F1 = 0.93.
LLM-as-Judge Judge type Accuracy Precision Recall F1 score
Final Answer Judge Answer checking 1.00 1.00 1.00 1.00
Toy Case Judge Step soundness 0.91 0.86 0.97 0.91
Logical Gap Judge Step soundness 0.96 0.95 0.98 0.96
Numerical Approximation Judge  Step soundness 0.96 0.95 0.98 0.96
Numerical Computation Judge Step soundness 0.71 0.68 0.98 0.80

Average - 0.91 0.89 0.98
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Key Findings 1 — Soundness Gap Exists {f EESEQ;;.“NFG"S%ATTE'%
e Overall Accuracy: Correct final answer + ALL reasoning steps sound.
e Answer Accuracy: Correct final answer, how it got there doesn't matter.
e Findings: LLMs often guess the right answer for complex Olympiad-level
inequalities, but their step-by-step reasoning is unsound.

Proprietary reasoning LLMs Open-source reasoning LLMs Proprietary chat LLMs Open-source chat LLMs
3 Answer Accuracy [ Overall Accuracy | gg{ EEE Answer Accuracy | gg{ [ Answer Accuracy | go{ EEE Answer Accuracy
801 68.0 72.0 71.5 [ Overall Accuracy [ Overall Accuracy [ Overall Accuracy
;\5 60 1 601 545 60 1
P L 40 49.5 49.5 49.0
o 43.5
© A5 65.5 40 40 - 40
o 51.0
8 44.5 47.5 : 46.0
<<
201 ! 201 201 201
6.0 5.0 2.0 3.5 3.0 2. 5 2 5
0 0 0 —1 —
Gemini2.5Pro 03 o1 Grok 3 mini DeepSeek-R1 QwQ-32B Grok 3 Gemini 2.0 Flash Qwen 2.5-72B Llama-4-Maverick
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Overall Accuracy (%)

Key Findings 2 — Bigger Isn't Always Better :
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Bigger models get more final answers right. (Right)
But the increased model size is insufficient to enhance overall accuracy. (Left)

Chat Models
Reasoning Models
Mean

Standard Deviation

% o

ol %

Gemini 2.5 Pro Dig
DeepSeek-R1 (Llama-70B)

DeepSeek-R1 <

¢ Grok3 O
© Qwen2.5-72B
O Qwen2.5-Coder-32B

Llama-4-Maverick

DeepSeek-R1 (Qwen-1.5B) | QwQ-328

@
\ Gemma-2B Llama-3.1-8B o

S l l Llama-4-Scout
o @ O® Gemma-2-9B
Llama 3.2-3B
1.5 8 17 32 70 *proprietary

Model Size (B)

Answer Accuracy (%)
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® Chat Models Gemini 2.5 Prog
% Reasoning Models o
Mean DeepSeek-R1 (Llama-70B)
Standard Deviation \‘7@7 Gfok 3 O
Llama-4-Maverick QWQ-SZB-PDrg\?iFé?veek R1v%
DeepSeek-R1 (Qwen-14B)* l % © Qwen2.5-72B

N Qwen2.5-Coder-32B
O Lamma-4-Scout

Qwen2.5-7B ®
DeepSeek-R1 (Qwen-1.5B)
Llama-3.1-8B

(1). Gemma-2-9B

@ Llama-3.2-3B
©® Gemma-2B

17 32
Model Size (B)

15 8 70

*proprlietary
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Solve the Soundness Gap

Performance gains tend to
saturate as the maximum token
limit increases.

Simply extending the reasoning
chain offers diminishing returns
for overall proof correctness.

Overall Accuracy (%)

- N W = o)
o o o o o
| | | | |

3* “*'NEURAL INFORMATION

Key Findings 3 — Thinking Longer Can’t e neoraron
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03
Gemini 2.5 Flash —
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e Self-improvement (critic-guided): Gemini 2.5 Pro's overall accuracy up +5%
(43%—48%) via self-critique! (Left)

e Theorem augmentation (providing key theorem hints): Gemini 2.5 Pro's
overall accuracy up another +10% with theorem guidance! (Right)
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