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SWE-bench Verified ≈ 80%

AIME ≈ 100%

Humanity Last Exam ≈ 60%
LLMs now saturate real exams 

and exam-style benchmarks. 

What’s next?

 Open-ended Problems
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Beyond Passing Exams: Open-ended Problems

LLM as a performance 
optimizer

How much speedup can 
we achieve with a GPU 

kernel?

LLM as an algorithm 
designer 

How many circles can 
we pack into a fixed 

region?

LLM as a system 
researcher

How much cache miss 
cost can we reduce 
with a replacement 

policy? 

No optimal solutions, only better frontiers. 3



Topic #1: If LLMs can tackle long-standing 

research problems by modeling them as 

open-ended coding tasks?
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Argus: Automated Discovering Test 

Oracles for Database Management 

Systems with LLMs
To be appear in SIGMOD 2026

Qiuyang Mang, Runyuan He, Suyang Zhong,

Xiaoxuan Liu, Huanchen Zhang, and

Alvin Cheung
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TLDR: $10 of LLM usage generates millions 

of reliable DBMS test cases and uncovers 

unknown logic bugs.
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DBMS Can Return Incorrect Results 

Downstream 
ApplicationBuggy DBMS

Detect such logic 
bugs in DBMS
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Existing DBMS Testing Methodologies

Before 2020

Manual Crafted Test Cases

Reference Engine

2020

Test Oracles
⇒ Pairs of equivalent queries
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Example: Ternary Logic Partitioning
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Existing DBMS Testing Solutions

Before 2020

Manual Crafted Test Cases

Reference Engine

Test Oracles
⇒ Pairs of equivalent queries

2020 2020 – 2025

Researcher New Oracles

New BugsNew Papers

Limited Test Oracles Hand-made by Human Experts 10



Using LLM to Break the Endless Cycle

LLMQ1 Q2 ☰ Q1

DBMS

Inconsistent Results ⇒ Bugs 

C2: Hallucination ⇒ False Alarms 

C1: LLMs are slow and expensive

We needs about 100K test 
cases to detect one unique bugs 

in mature DBMS :0

Automated Oracles

Filtering true bug reports from a 
lot of false positives is crazy for 

developers
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Generating Test Oracles, Not Test Cases

Constrained Abstract Query (CAQ) can represent a set of SQL queries that can be 
instantiated from a template. We use Equivalent CAQS to represent test oracles.
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Using Verification to Avoid Inequivalent CAQs

SQL Equivalence Decider can 
conservatively prove the 
equivalence between a pair of 
SQL queries.
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Initial: Beam search Improved: DOG

Diversity Oriented Test Oracle Generation

Goal: Guide LLMs to generate diverse test cases.

Method: Evolve from Top-k centroids with highest diversity scores.
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Measuring Diversity in Equivalent CAQs

ZSS Tree-Edit-Distance Algorithm

The greater the difference in 
execution paths between 
equivalent queries, the query is 
more likely to detect logic bugs in 
the DBMS 

Measure CAQ Diversity by the difference of two query plans
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From Test Oracles to Scalable Test Cases
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LLM-generated Test Cases Uncover Unknown Bugs

We implement our approach as Argus, an LLM-powered DBMS 
testing tool, and uncover 41 previously unknown bugs across five 
mature DBMSs using GPT o4-mini.
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LLM-generated Test Cases Uncover Unknown Bugs
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LLM-generated Test Cases Extend Test Coverages

More lines of source 
code covered! More branches of if-else 

control statements taken!
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Takeaway #1: (Database) research is 

shifting from solving problems to shaping 

them into proper open-ended problems
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Topic #2: How can we benchmark LLMs’ 

capabilities in solving open-ended problems?
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FrontierCS: Evolving Challenges for 

Evolving Intelligence
To be appear in ICML 2026

Qiuyang Mang*, Wenhao Chai*, Zhifei Li*,

Huanzhi Mao*, Shang Zhou*, Alexander Du*,

Hanchen Li*, Shu Liu*, ..., and Alvin Cheung 
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We Don’t Know the Best, but We Know How Good

⇒ Continuous scores guide 
agentic evolution and 
support post-training
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LLMs for Open-Ended Problems: Where We Are Limited

KernelBench: ~200 GPU 
programming problems 

(single-domain)

ADRS: ~10 system 
research problems 

OpenEvolve: 14 
example problems 

ALE-bench: 40 Atcoder 
Heuristic Contest problems

(single-source)

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

                                       = 200+ open-ended problems adapted from 

competitive programming and real CS research

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

from multiple sources into an open-ended style by changing 

objectives, adding constraints . . . 

● Research Track: CS PhDs extract the core algorithmic problems 

from their research interests, including OS, HPC, AI, DB, PL, . . .
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An Open-Ended, Verifiable Example with Continuous Score

open-ended

verifiable
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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. 
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Open-ended Problems Remain Challenging for Frontier LLMs

Multiple attempts matter
Best-of-5 improves average 
score by +6.5 – +22.7

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

Algorithmic Problems (one-shot, until 12/17)
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Improving Reasoning Effort Does Not Yield Further Gains

Longer chain-of-thought not always help 
open-ended problem solving.
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Open-ended Problems are Long-horizon for Agents 

Metric Claude Opus 4-7 Kimi K2.6 Δ (Difference)

Partial Score 35.1 34.0 Tied

Avg. Steps 83.0 (up to 459) 56.5 (up to 405) Opus +47%

Avg. Turns 80.8 (up to 456) 55.7 Opus +45%

Avg. Output Tokens 200K (up to 531K) 149K Opus +34%

Avg. Thinking Calls — 56.5 (up to 404) Every step

Avg. Tool Calls 45.0 (up to 291) 55.7 (up to 405) Kimi +24%

Zero-Score Tasks 52 / 105 50 / 105 ~Half

Token Limit Hit 17 8 Opus +113%
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Takeaway #2: Open-ended problems remain 

underexplored by LLMs and pose new 

challenges for long-horizon coding agents.
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Topic #3: Can we improve models’ 

open-ended problem-solving capabilities 

by automatically scaling the training data?

32



FrontierSmith: Synthesizing 

Open-ended Coding Problems at Scale
In submission to Neurips 2026

Runyuan He*, Qiuyang Mang*, Shang Zhou,

Kaiyuan Liu, Hanchen Li, Huanzhi Mao,

Qizheng Zhang, Zerui Li, Bo Peng,

Lufeng Cheng, Tianfu Fu, Yichuan Wang,

Wenhao Chai, Jingbo Shang, Alex Dimakis,

Joseph E. Gonzalez, and Alvin Cheung 
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Generating Open-ended Tasks from Closed-ended Ones

Can LLMs generate 
the data needed to 
train themselves?
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Generating Open-ended Tasks from Closed-ended Ones
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How Can We Model the Transformation in Principle

Problem Formulation = (O, CI, CO)

O: Objective | CI: Input Constraints | CO: Output Constraints

Changing Goals
 (O → O′)

Replace exact/binary goals 
with optimization.

Shifts tasks from simple 
decision to graded 
performance.

Example:

2-SAT (Decision) → Min-True 
2-SAT (Optimization)

Restricting Outputs 
(CO → CO′)

Add output constraints.

Makes exact solutions infeasible 
at scale, favoring 
approximations.

Example:

MST → Degree-constrained 
Spanning Tree (NP-Hard)

Generalizing Inputs 
(CI → CI′)

Relax constraints on input.

Transforms polynomial 
problems into NP-complete 
ones.

Example:

Max Independent Set: Bipartite 
(P) → Arbitrary Graphs (NP-C)
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How Can We Ensure the Transformation Quality
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Synthetic data leads Qwen-3.5-27B in open-ended coding.
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Data Quality Matters
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Synthetic Tasks Match Human-curated Ones

Solution Space Diversity Agentic Behavior
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Takeaway #3: LLMs can synthesize 

open-ended tasks at scale to improve their 

capabilities in a self-play manner
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● LLM-driven research is the future. The key is modeling 
problems as open-ended tasks.

 
● LLMs can well solve open-ended tasks via test-time scaling. 

Key requirement: the problem is well-specified.
 

● LLMs can synthesize open-ended data to self-improve.  
Next: How to also synthesize envs?

● Can LLMs also turn real-world challenges into well-specified 
open-ended tasks?
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