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SLICE

SWE-bench Verified = 80%

AIME =~ 100%
LLMs now saturate real exams

Humanity Last Exam = 45%
and exam-style benchmarks.

What’s next?

i) Al DOMINATES -
QL IOMINATES Open-ended Problems




Beyond Passing Exams: Exploring New Frontiers

Computed in SRAM
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LLM as a performance

optimizer

How much speedup can
we achieve with a GPU

kernel?

Circle Packing (n=26, sum=2.634292)

LLM as an algorithm
designer

How many circles can
we pack into a fixed
region?

F A

) 4 .,_, i“’\\ 4l 1 ¢

y - a
O %O AEK
.'/‘\\- "".

LLM as a system
researcher

policy?

No optimal solutions, only better frontiers.
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How much cache miss
cost can we reduce
with a replacement



SLICE
We Don’t Know the Best, but We Know How Good

Objectively Verifiable Evaluatio penEvolve
Open, deterministic evaluation o guaoesadel
No LLM-as-a-judge :Zju;:z:::wde)
v
@ </> AanOdy can rerun it Evolutionary Coding Agent
ah =
‘* Rubric Generation
</> R I el R R [@ Mg g = Continuous scores guide
~ Human Experts v e . .
S s agentic evolution and
¥ e support post-fraining
Gets the same score ST G .



i SLIcE
LLMs for Open-Ended Problems: Where We Are Limited
' penEvolve @
w 3= ? 5
Al-Driven Evolutonary Coding Agent %
KernelBench: ~200 GPU  ADRS: ~10 system OpenEvolve: 14 ALE-bench: 40 Atcoder
programming problems research problems example problems Heuristic Contest problems

(single-domain) (single-source)

We need a large-scale benchmark for open-ended problems,
spanning multiple domains, sources, and problem types.




LLMs for Open-Ended Problems: Where We Are Limited

ThetaEvolve: Test-time Learning on Open Problems
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ALGORITHM GENERATION VIA CREATIVE IDEATION
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sampling for highet 1) Designing system algorithms remains challenging, where the discontinuous nature
discourage sagnanl O of the solution space often forces system engineers (o rely on generic heuristics
for stable | g at the expense of performance. We study whether LLMs can practically drive . .
voive is the Arsil algorithm generation, and find that they are biased towards well-known generic T h
Jockdminnons B designs,rather than making the creative laps needed to navigate the discontinous Ir urocorrine aaamar aTriXx
;ﬁ'}?;glﬁmi 8 solution space. To address this limitation, we introduce MetaMuse, a framework for
© creative ideation bult on three self-reflection principles: (1) quantifying solution
bounds on open p <
first auto-correlatiol
phaEvolve. Besidel ' randomness, and (3) constructing exccutable solutions using waypoint reasoning,
open tesks, wo fi ather than free-form chain-of-thought. Extensive evaluation shows that MetaMuse

can generate high-performing solutions for two critical problems at a global cloud
provider: cache replacement (reducing cache misses by up to 35.76%) and online:
bin packing (reducing bin usage by up to 30.93%).

at test-time consist
only baselines, an

ing capabilities, as
demonstrate faster
formance on both
unseen tasks. We rt
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1 INTRODUCTION

Designing system algorithms continues to be a central challenge in computing systems. Traditionally, o

the development of such algorithms has been a manual and labor-intensive process. Our experience °

ata global cloud provider indicates that even seemingly simple algorithms used in production —

such as cache replacement for data storage or bin packing for job scheduling — can require tens of

thousands of engineering hours to design. As a result, practitioners often resort to generic heuristics
from the literature, e.g., least-recently used (LRU) for cache replacement and frst-fit o bin packing,
‘which frequently resull in suboptimal performance.

This work was done
crosoft.  'University of
Mellon _University U
SUniversity of Californi

<yeshe@microsoft.com>, This paper asks whether large language models (LLMs) can practically drive algorithm generation,

Pk e o s e e e e T h e | r au T h ors: Bin Packin g / Cache Re P lacement
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space, where even a small change in algorithm design (.g., data structure or control flow) can le
10 sharp and non-linear changes in performance. Although it is sometimes possible to estimate
the upper-bound performance, scarching for practical solutions that approach this bound remains
non-trivial. Furthermore, the discontinuous solution space does not provide sufficiently predictable
J patterns or a smooth landscape to guide the scarch.

arXiv:2510.03851v1 [cs

Due o this discontinuiy, we spproachthe sigoitm generaion ak from  different angle,and frame
itas a sampling process in the solution space. LLM attempts to generate distinct solutions at each
sip. This generatve pmcm represents a sequence of lcays in discontinuous solution space (Bubeck
ich we formulate as creative ideation for LLMs. In fact, the systems community has
Jong hypothesized algorthm desgn asa discovery pocess o deas (Kant, 1985).

o study the algorithm generation task, we focus on high-impact problems at a global cloud provider:
cache replacement and online bin packing. Our initial attempts of repeatedly sampling GPT-do,
Llama3.3-70B, and DeepSeek-V3 show that LLMs are fundamentally hindered by availability
bias (Tversky & Kahneman, 1973) — LLMs are trained to output the most likely sequence of
words, according o training datasets. As a result, solutions tend to cluster around well-know

heuristics in the literature, e.g., least-recently (LRU) and least-frequently used (LFU) for caching,



Introducing Frontier-CS

4 B % =200+ open-ended problems adapted from

competitive programming and real CS research

e Algorithmic Track: 10+ experts converse exam-style problems

from multiple sources into an open-ended style by changing

objectives, adding constraints . .. ] % ls CoDEFORCES

e Research Track: CS PhDs extract the core algorithmic problems

from their research interests, including OS, HPC, AI, DB, PL, ...

SLICE



An Open-Ended, Verifiable Example with Continuous Score

47%

GPT-5 Thinking

Human Expert
_ 87%

FrontierCS
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Example: Polyomino Packing
Pack all polyominoes as tightly as

possible into the grid.




Research Problem Example: VectorDB Design

Given: Millions of vectors and a set of query vectors.

Task: For each query, return the nearest stored
vector as fast as possible, while being correct at
least 80% of the time.

Scoring: Recall@1 = 80% is required; passing

solutions receive a 0-100 score normalized by

average query latency relative to a human SOTA.

SLICE

.ZEn‘tm/ point )




. . SLICE
Research Questions on Frontier-CS

e RQI1: As LLMs saturate code exams, how do they perform on open-ended
CS problems?

e RQ2: Does test-time scaling via multiple attempts still hold for

open-ended CS problems?

e RQ3: Does longer chain-of-thought test-time scaling still work?

e RQ4: What failure modes do LLMs exhibit on open-ended CS problems?

10



Open-ended Problems Remain Challenging for Frontier LLMs SLICE

RQ1: LLMs remains a major gap to human
95.41 expert performance on open-ended
problems

RQ2: Multiple attempts matter

Best-of-5 improves average
~30 score by +6.5 - +22.7

L @K

Human Experts Best LLM Other models
95.41 Gemini 3.0 Pro,
GPT-5.2 ‘ &

Algorithmic Problems (one-shot, until 12/17)
11



Score

yZ 4

. . . . SLICE
Improving Reasoning Effort Does Not Yield Further Gains
A GPT5low GPT5medium  ® GPT5high 4 GPT5.1high
100 -
ok Effort Avg tokens Avg score
60 4 GPT 5 low 4,389 7.903
GPT 5 medium 11,554 15.336
40 GPT 5 high 19,763 12.626
, GPT 5.1 high 20,402 12.508
fownis @ » ; ‘

40k 60k 80k
Tokens

RQ3: Longer chain-of-thought not always help
open-ended problem solving.

12



Misleading Micro-Optimization Trap

e LLMs often fail to identify which choices are algorithmically

meaningful, becoming trapped in micro optimizations.

e GPT-5 solution: starts with a suboptimal core ideq,

augmented with several low-level memory and efficiency

optimizations = ~40 points

Human solution & prompt fix:
Please use a 2D array to maintain the rectangle
state, and convert to the required format only at

the end = ~80 points

:

SLICE

Example: Polyomino Packing
Pack all polyominoes as tightly as
possible into the grid.
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Harbor Integration
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Agentic Benchmarks

15
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SLICE

Impact and Future Directions of Frontier-CS

Impact:

Provides a large, diverse collection
of open-ended problems

Enables reproducible, fine-grained
evaluation via deterministic,
verifiable and continuous scoring
The project has attracted early
industry interest (e.g., XAI,
ByteDance), and welcomes
contributions of problems or

compute resources.

What’s next?

Evolving: From domain-specific
tricks to regularized, general
evolving frameworks.

Synthesis: Can LLMs synthesize new
open-ended problems?
Post-training: Can models learn new
reasoning abilities from open-ended
problems with continuous reward

signals?

16



ontier-LS

Thanks!

Website: frontier-cs.org
GitHub: https://qgithub.com/FrontierCS/Frontier-CS

17


http://frontier-cs.org
https://github.com/FrontierCS/Frontier-CS

World Map (I0I 2025 = Frontier-CS) @ i‘o
@ @

e Given several countries and which pairs must
(a) Adjacency graph E.

be adjacent.

e Place country labels on a square grid.

e Adjacent cells imply country adjacency.

(b) Human expert (K = 7).
e All required adjacencies must appear.

e Goal: use the smallest possible grid.

18

(c) GPT 5 (K = 15).



Research Problem: LLM Router

& Correct?
& Cost

Query |

Query 2 - & Correct?

& Cost

Expensive LLM

Query N & Correct?

& Cost

Q Accuracy
Score

@ Cost Score

Learn routing policy from a reference dataset

19



LLMs for Open-Ended Problems: Where We Are Limited

e Toy-scale benchmarks cannot distinguish general

algorithmic discovery ability from task overfitting.

e Toy-scale data can support framework design, but

cannot train new reasoning abilities.

20



FrontierCS: Evolving Challenges for Evolving Intelligence

Contributors ( *equal contribution )

Qiuyang Mang'*, Wenhao Chai?*, Zhifei Li'**, Huanzhi Mao'*, Shang Zhou®*, Alexander Du'4*,

Hanchen Li%*, Shu Liu*, Edwin Chen’, Yichuan Wang?, Xieting Chu®, Zerui Cheng?, Yuan Xu?, Tian Xia!,
Zirui Wang!, Tianneng Shi!, Jianzhu Yao?, Yilong Zhao!, Qizheng Zhang’, Charlie Ruan!, Zeyu Shen?,
Kaiyuan Liu8, Runyuan He!l, Dong Xing4, Zerui Li4, Zirong Zengl, Yige ]iang9, Lufeng Chengm, Ziyi Zhao'l,
Youran Sun!, Wesley Zheng!, Meiyuwang Zhang®, Ruyi Ji?, Xuechang Tu®, Zihan Zheng!?, Zexing Chen?,

Kangyang Zhou'*, Zhaozi Wang!?, Jingbang Chen®

Advwisors/(*equal advising) Open-Ended Algorithmic Problem
Aleksandra Korolova?, Peter Henderson?, Pramod Viswanath?, Vijay Ganesh®, Saining Xie!®, Zhuang Liu?,

Dawn Song!, Sewon Min!, Ion Stoica!, Joseph E. Gonzalez!*, Jingbo Shang?*, Alvin Cheungl-* ® Reformulated for open-ended optimization |
Affiliations @ Objective/constraint modification / ‘ i
@ No practical perfect solution —amll N L

1UC Berkeley  2Princeton University 3UCSD *X-camp Academy SIndependent SGeorgia Tech
7Stanford University 8University of Washington *Nanyang Technological University
10University of Toronto  'UIUC  2University of Michigan *New York University ~MIT

~200 Problems

B o =
oS HPC Al

Al DB Securit ; - -
L & Research Track / Algorithmic Track
= ¥ V Created by CS PhD students from 2 101/1CPC World Final Gold Medal;
Core Algorithmic Problems Berkeley, Stanford, Princeton, ~10 ICPC World Finalists

UCSD, and more.
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fu m-l: i E F— E 5 Evolving Challenges for Evolving Intelligence

Qiuyang Mang

on behalf of Frontier-CS

Advisor: Alvin Cheung

WepSite

Team

Background: LLMs Near Ceiling on exams

SWE-bench Verified ~ 80% @ *
*@
N 4

AIME = 100%

Humanity Last Exam ~ 45%

IMINATES
NG FINALS

10/12

ICPG: 2025

What's Next for Computer Science Tasks?

LLM as a performance
optimizer

How much speedup can

LLM as an algorithm

designer

How many circles can

e achieve with a GPU kernel? we pack into a fixed

region?

AT
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LLM as a system
researcher

How much cache miss

cost can we reduce
with a replacement
policy?

No best solutions, only better frontiers.

Objectively Verifiable Evaluatio

Open, deterministic evaluation

No LLM-as-a judge

Gets the same score

Anybody can rerun it Unsolved
Open-ended
Runs it independently Verifiable
Diverse

Continuous Score

= Continuous
scores guide
agentic evolution
and support
post-training

Where We Are Limited

Existing research on
open-ended CS problems
often evaluates LLMs on
a few toy tasks.

/4

Al-Driven

KernelBench: ~200 GPU
programming problems
(single-domain)

ADRS: ~10 system
research problems

penEvolve

=

Existing open-ended CS
benchmarks are often
domain-specific or
small-scale.

Frontier-CS Example Problems

Human Expel

FrontierCsS

unsolved
open-ended
verifiable
diverse

iR

Example: Polyomino Packing
Pack all polyominoes as tightly as
possible into the grid

rt GPT-5 Thinking

OpenEvolve: 14 ALE-bench: 40 Atcoder
example problems Heuristic Contest problems

World Map (I0I 2025 = Frontier-CS)

Research Problems:
Cloud Scheduling,

(single-source)

We need a large-scale benchmark for open-ended problems,

spanning multiple domains, sources, and problem types.

Frontier-CS: a large, diverse datasets for
open-ended CS problems

Given several countries and which pairs must
be adjacent.

Place country labels on a square grid.
Adjacent cells imply country adjacency.
All required adjacencies must appear.

e

VectorDB Design,
POC generation,
Grammar Fuzzing,
RL Algorithms,
GPU Kernel Design,

) Homan expers (K =)

~200 Problems

Research Track problems
are constructed by distilling
core algorithmic challenges
from real CS research
problems and asking LLMs

4 Research Track
QeSS

' Algorithmic Track

2101/ICPC World Final Gold Medal; solutions.

~10 ICPC World Finalists

Created by CS PhD students from
Berkeley, Stanford, Princeton,

to implement practical

One-shot reasoning remains a major

Goal: use the smallest possible grid. and more
@Ay S E. (o qrrs (= 15,
Key Findings
ded Remain C for LLMs Misleading Micro-Optimization Trap

LLMs often fail to identify which choices are

95.41

gap to human expert per

becoming trapped in micro
optimizations.
GPT-5 solution: Maintains the search state as g list of

Y}:en-ended problems

Rolvomine plgcements, augmented with several low-level
memory and efficiency optimizations = ~40 score

S [ O —— g Algorithmic Track Human solution & prompt fx
erkeley B prinETeN (L J [e]] & Sicpc - » 1o maintai
problems are created by E:' aﬂ E:' lease use a 2D array to maintain
_ transforming existing Er - Co B |n rectangle state, and convert fo
B H e = theoowonces guiol  dicpe [JESAM exam-style tasks into o2 the required format only at the end
© - = “ .
g liam e liaslesl e, @0 open-ended settings = -80 score
5 v through modified objectives 4 tsor & crrsneaun o cersnn & ceraing
Core Algodinmic Prob and added constraints, or 100 Improving Reasoning Effort Does Not Yield Further Gains
ore Algorthmic Prablms 3
55 by collecting classical NP~ * Effort Avg tokens _ Avg score
problems and conjectures. § GPT 5 low 4,389 7,2 2
R TR GPT 5 medium 1554 15
20 . GPT 5 high 19,763 12.626
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