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Background & Motivation

⚫ Human Learning: Nearly Starting from Scratch

○ Humans quickly adapt to new rules rather than learning from scratch (e.g., mastering games[Nam 

& McClel-land, 2024], solving arithmetic problems [Hu et al.,2024], applying logical methods) [Bill 

Yuchen Lin, 2024].

○ Real-world tasks are often OOD (Out-of-Distribution), requiring adaptability beyond prior 

knowledge [Liu et al., 2021b].

⚫ Limitations of Current Benchmarks: Existing benchmarks fail to separate memorization from true

reasoning ability [Wu et al., 2023; Zhang et al., 2023; Dziri et al.,2023].

⚫ Reasoning as a Key Indicator of Intelligence [Huang & Chang,

2022;Gui et al., 2024].

https://direct.mit.edu/opmi/article-pdf/doi/10.1162/opmi_a_00123/2339643/opmi_a_00123.pdf
https://arxiv.org/pdf/2402.17709
https://huggingface.co/spaces/allenai/ZebraLogic
https://arxiv.org/pdf/2108.13624
https://aclanthology.org/2024.naacl-long.102.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/7bc4f74e35bcfe8cfe43b0a860786d6a-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/deb3c28192f979302c157cb653c15e90-Paper-Conference.pdf
https://arxiv.org/pdf/2212.10403
https://arxiv.org/pdf/2408.15778


Prior Works

⚫ Knowledge-Dependent Evaluation: Benchmarks like MMLU [Hendrycks et al., 2020], 

GSM8K [Cobbe et al., 2021] assess recall but struggle to distinguish it from reasoning.

⚫ Information Integration Evaluation : Evaluates adaptability to new info in tasks like 

ZebraLogic (Bill Yuchen Lin, 2024; Berman et al., 2024), and Math word problems (Xu et al., 

2024), though still underexplored.  

⚫ Rule-Following Evaluation : Tests rule adherence in benchmarks like RuleBench [Sun et 

al., 2024] and LogicGame [Gui et al., 2024].  

→ Knowledge-Orthogonality Evaluation 

○ Introduces a new perspective to minimize reliance on prior knowledge.

○ Ensures models solve tasks based on rule understanding rather than memorization.

https://arxiv.org/pdf/2009.03300
https://arxiv.org/pdf/2110.14168
https://huggingface.co/spaces/allenai/ZebraLogic
https://arxiv.org/pdf/2407.03956
https://arxiv.org/pdf/2405.14804
https://arxiv.org/pdf/2407.08440
https://arxiv.org/pdf/2408.15778


Formal Definition
For a task T, the required reasoning information consists of:   

①K: General background/domain-specific knowledge 

acquired during pre-training, excluding common sense.    

②R: Core rule information designed to solve T.    

③Q: A Rule-driven question    

④A: Answer to the question Q.

1. Knowledge-Rule Decoupling: 

Rule R is logically self-contained and independent of K.

𝑅 ⊥ 𝐾

𝑃 𝑄 → 𝐴 𝑅,𝐾 ≈ 𝑃 𝑄 → 𝐴 𝑅 ≫ 𝑃 𝑄 → 𝐴 𝐾

3. Rule Centrality: 

Correctness relies on understanding and applying R, with R 

having significantly greater influence than K.

Notational Definitions:

⚫ →:Represents the cognitive process of deriving A from Q.

⚫ P: Represents the belief strength that A is a valid answer to Q based 

on R and/or K.

○ P(Q → A | R) : Belief in A driven solely by applying the R. 

○ P(Q → A | K) : Belief in A based solely on the K. 

○ P(Q → A | R, K) : Combined belief in A, integrating R and K.

𝑃 𝑄 → 𝐴 𝑅,𝐾 = 𝑃 𝑄 → 𝐴 𝑅 ⋅ 1 + 𝛽

2. Knowledge Assistiveness: 

Background knowledge K may support or interfere with the 

derivation of A from Q, but does not play a central role in 

reasoning. The extent of this influence is quantified by the 

Knowledge Impact Factor (β), defined as:

𝛽 =
𝑃 𝑄 → 𝐴 𝑅,𝐾 − 𝑃 𝑄 → 𝐴 𝑅

𝑃 𝑄 → 𝐴 𝑅



Overview of KOR-Bench

⚫ Focuses on evaluating models through new 

rule-driven tasks, testing their adaptability, 

immediate learning, and ability to apply novel 

reasoning rules.

⚫ Consists of Five task categories: Operation, 

Logic, Cipher, Puzzle, and Counterfactual.



Five Task Categories
⚫ Operation Reasoning: 

○ Apply new definitions of mathematical 

symbols to solve calculations.

⚫ Logic Reasoning: 

○ Reason based on new logical rules 

and categorized concepts.

⚫ Cipher Reasoning: 

○ Perform encryption and decryption 

according to new execution rules.

⚫ Puzzle Reasoning: 

○ Solve puzzles using newly defined 

problem-solving frameworks.

⚫ Counterfactual Reasoning: 

⚫ Engage in hypothetical reasoning 

within new story contexts.



Data Construction Process

⚫ Rule Design

⚫ Rule Extraction

⚫ Rule Redefinition

⚫ Rule-Driven Q&A Design

⚫ Q&A Adaptation

⚫ Q&A Generation

⚫ Answer Format 

Specification

⚫ Quality Validation

⚫ Human Verification

⚫ LLM Verification



STATISTICS

⚫ Statistics Metrics

○ Total number of rules

○ Average rule length

○ Maximum rule length

○ Total number of questions

○ Average question length

⚫ Answer Formats:

○ NR (Numerical Response)

○ ME (Mathematical Expression)

○ TR (Textual Response)

○ MC (Multiple Choice)

○ SD (Structured Data)



Experiment Setup

⚫ Prompting Strategy

○ Zero-shot

○ Three-shot

⚫ Evaluation Methodology

○ Parsing: 

◌ Extract answers using regular expressions. 

◌ Cleans extracted text by removing quotation marks, line breaks, and spaces.

○ Multiple Answers: Split by "or," trim, sort, and compare.  

○ Math: Use SymPy for simplification, parse LaTeX, and handle inequalities via regex.  

○ Unordered List: Normalize, sort, and compare text.  

⚫ Accuracy

○ Calculated per task and overall.



Chat Model Performance
⚫ Best Performers

○ O1-Preview (72.88%) and O1-Mini 

(70.16%) excel in Cipher (82.80%,

79.60%) and Puzzle (36.80%, 35.60%) 

reasoning tasks.

⚫ GPT-4o

○ Performs well in Cipher and Puzzle

tasks.

⚫ Claude-3.5-Sonnet

○ Outperforms in Operation and Logic 

reasoning, especially in Logic tasks.

⚫ Qwen2.5-32B

○ Outperforms Qwen2.5-72B, showing 

size ≠ performance.



Base Model Performance
⚫ Meta-Llama-3.1-405B achieves the highest accuracy at 39.68%.

⚫ Logic Category shows less performance decline compared to other tasks, likely due to shallower inference 

depth.



Stepwise Prompting Analysis of Cipher Task Bottlenecks

⚫ Selected five highly erroneous rules and broke solutions into 9 sequential sub-steps.

⚫ Error Patterns:

Low Error: Encoding, 

Partition → Not bottlenecks.  

Moderate Error: Shift, 

Mapping, Substitution → 

Challenging.  

High Error: Calculation → 

Affects reasoning.  

Critical Bottleneck: 

Rotation, Conditional 

Filling/Reading → Near 

100% error.



Analysis on Self-Correction

⚫ 5 rounds of self-correction.

⚫ Models gain an average

accuracy boost of 10.36%.

⚫ Most improvements occur in 

the first two rounds, with 

limited gains later.



Analysis on Complex Task Processing

⚫ Three Settings:

○ Multi-Q:

◌ 1 rule, 1-10

questions.

○ Multi-R:

◌ 2-3 rules, 1

question.

○ Multi-RQ:

◌ 2-3 rules, 1-3

questions.

⚫ Evaluates the model's ability to handle multiple problems, longer reasoning chains, and rule 

application.



Impact Analysis of Tricks on Puzzle Task Performance

⚫ Evaluates how providing a "trick" 

as additional input affects model 

performance on puzzle tasks.

⚫ Complex puzzles (e.g., mazes, 

sudoku) can be significantly 

simplified by identifying and 

executing key initial steps.

⚫ Highlights the importance of 

strategic heuristics in solving 

complex reasoning problems.



Attention Focus Visualisation

⚫ A "needle" field is added to highlight key parts the 

model should focus on when answering.

⚫ Uses Retrieval Head [Wu et al.,2024] ranking to 

identify the top 50 retrieval heads and accumulates

their attention within the rule’s range.

⚫ Maps attention scores back to the rule text, with color 

intensity indicating focus, aiding in understanding 

errors.

https://arxiv.org/pdf/2404.15574


Ablation Study on Dataset Size

⚫ Evaluate the impact of dataset size on 

model performance.

⚫ Key Metrics:

○ Mean Error

◌ Average accuracy difference 

between subsets and full dataset.

○ Error Standard Deviation

◌ Consistency of model 

performance.

○ Gini Coefficient

◌ Distribution of model scores.



Ablation Study on Dataset Size

⚫ Sampling Strategies:

○ Rule-Based (Left): 

◌ Selects a proportion from 10 

questions per rule.

○ Category-Based (Right): 

◌ Selects a proportion from all 250 

questions per category.

⚫ Robust Performance:

○ Mean error and standard deviation 

stay around 2.

○ Gini coefficient variation is under 0.02.

○ Performance remains stable with just 

20% of the full dataset.



Correlation Analysis with other Benchmarks

⚫ Analyze the correlation between KOR-Bench 

and other reasoning benchmarks.

⚫ Benchmarks Analyzed:

○ MMLU, MMLU-Pro, GSM8K, MATH, HumanEval, 

MBPP.

⚫ Models Used:

○ 21 models of varying sizes, including GPT4o, 

Claude-3.5-Sonnet, and the Qwen, Llama, Yi, 

Mistral, Phi, and Gemma series.

⚫ Correlation Insights:    

○ KOR-Bench correlates most with reasoning-

focused benchmarks.   

○ Highest Correlation with MMLU-Pro, which 

emphasizes logical reasoning over prior knowledge.



Zero-Shot and Three-Shot 
``Only Questions“ Experiments

⚫ Assess the model’s ability to recognize patterns 

and infer abstract reasoning rules.

⚫ Experimental Setup

○ Zero-Shot Setting

◌ Model solves problems based on prior 

knowledge, without explicit rules.

○ Three-Shot Setting

◌ Model learns patterns from three 

examples and applies them to new 

problems.



Zero-Shot and Three-Shot ``Only Questions" Experiments

⚫ Zero-Shot Setting : Models struggle due to insufficient information and reliance on prior 

knowledge. 



Zero-Shot and Three-Shot ``Only Questions" Experiments

⚫ Three-Shot Setting :    

⚫ Models perform better when examples are closely related (e.g., Counterfactual, Logic, 

Operation). 

⚫ Lower performance on tasks with abstract rules (e.g., Cipher, Puzzle).



Conclusion

⚫ We propose Knowledge-Orthogonal Reasoning (KOR), aimed at minimizing reliance on 

domain-specific knowledge to evaluate reasoning abilities in out-of-distribution settings.

⚫ We introduce KOR-Bench, a benchmark with five task categories: Operation, Logic, Cipher, 

Puzzle, and Counterfactual, focusing on models' ability to apply new rule descriptions.

⚫ Results show that KOR-Bench demonstrates strong differentiation and challenge, advancing 

reasoning evaluation and supporting further research in AI reasoning and planning.

Project Page:    https://kor-bench.github.io/

https://kor-bench.github.io/

