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Motivation

Recent studies challenge the general data scaling law, indicating that 
most of the knowledge is acquired during pre-training.

New Censensus: data quality matters far more than quantity. 

• Superficial Alignment Hypothesis:  LIMA [NeurIPS ’23]

• Empirical Observations: ALPAGASUS [ICLR ’24] , LESS [ICML’24], etc.

• Data Diversity Perspective: DELTA [ICLR ’24] , InsTag [ICLR’24], QuRating [ICLR’24], etc.
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The criterion of data quality is crucial

Heuristic and Simplistic Metrics
• Perplexity, Completion Length (Longest [ICML ’24]), KNN Embedding Distance, Human 

   Annotations LIMA [NeurIPS ’23]

LLM-based data selection (LLM itself as data selectors)
• LLM-driven Rating Systems

• ALPAGASUS [ICLR ’24] , DELTA [ICLR ’24] , IFD [ACL’23], etc.

• Miscellaneous
• Embedding Semantic Tree [ACL’24], Instruction Tagging [InsTag, ICLR’23], Gradient Matching [DQ , 
    CVPR ’23], Influence Scores [LESS , ICML’24], etc.

……

LLM-driven Rating Systems have shown more competitiveness 



LLM-driven Rating Systems

• Utilize pre-trained LLMs to generate rating scores for individual 
data samples based on specific prompt template.
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Inherent Score Errors within LLM-driven Rating Systems

• An illustrative example
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Intuitively, score errors are widespread and heavily depends Rating LLMs.



Score Error Patterns Analysis

• Firstly, we introduce a KNN score clusterability hypothesis for 
theoretical analysis without knowing the ground-truth scores.

• Then, we utilize consensus vectors helps to measure the 
agreement between neighboring scores.
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A binary Example of Consensus Equations

First-order Concensuses (2 Eqns), e.g.,

Second-order Concensuses (4 Eqns), e.g.,

Third-order Concensuses (8 Eqns), e.g.,
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Unknown ground-truth score:

Observed noisy score:

T: Score transition matrix

p: Ground-truth score prob



Empirical Score Error Observation
• For visualization, we introduce a score transition matrix
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DS2 :Diversity-aware Score Curation for Data Selection

• Our data curation pipeline overview:
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Experiments
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Rating models 
• GPT-4o-mini, LLaMA-3.1-8b-Inst, Mistral-7b-Inst-v0.3 

Base models
• LLaMA-2-7B, LLaMA-3.1-8B, Mistral-7B-v0.3

Data pool
• Flan V2, Open-Assistant 1, WizardLM, Dolly, Alpaca

Baselines
• Random, Perplexity, KNN, Full data, AlpaGasus [ICLR ’24] , DELTA [ICLR’24] , Less [ICML’24] , 

etc. 

OpenLLM Leaderboard Benchmarks
• MMLU, TruthfulQA, GSM, BBH, TydiQA, etc.



Main Empirical Results

Selective data size: 10k
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Observations
⚫ 3.3% of the data outperforms the 

full data

⚫ Weaker LLM + score curation > 
GPT-4o

⚫ Score curation works for all rating 
models



Human Alignment v.s. Machine Alignment

• LLM Judge evaluation benchmarks: MT Bench and Vicuna Bench
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LLaMA:

GPT-4o-mini:

Mistral:

LLaMA:

GPT-4o-mini:

Mistral:

DS2  can be an alternative to LIMA



Revisiting Data Scaling Laws

• DS2 consistently outperforms baselines across different data budgets

13



Impact of score curation towards other baselines

• Score curation is beneficial for score-aware baselines 
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Apples-to-Apples Comparison with AlpaGasus

Data pool: Stanford Alpaca (52k)
Selective data size: 9k
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DS2  significantly outperforms AlpaGasus with a 15% average 
performance improvement.

• We replicate AlpaGasus settings for a fair comparison.



Summary
• We mathematically model the score errors across various LLMs (GPT, 

LLaMA, Mistral) and confirms the existence of score errors

• DS2 employs score curation and KNN embedding distance to emphasize 
both quality and diversity.

• DS2 outperforms existing baselines and is flexible to apply to other data

• DS2 can largely improve data efficiency by using only 3.3% of the data 
pool, and can be an alternative to LIMA (human annotations dataset)

https://github.com/UCSC-REAL/DS2
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https://github.com/UCSC-REAL/DS2
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