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Preamble: Large language models (LLMs) have become an exceptionally powerful technology, 

thanks to the use of enormous pretraining data.

When moving to downstream tasks (e.g., NL2Code), much of this original pretraining data become a 

distraction at best or a liability at worst.
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Preamble: Large language models (LLMs) have become an exceptionally powerful technology, 

thanks to the use of enormous pretraining data.

When moving to downstream tasks (e.g., NL2Code), much of this original pretraining data become a 

distraction at best or a liability at worst.

Problem Space: Given a large collection of unlabeled examples demonstrating multiple 

capabilities, how can we effectively and efficiently select a small portion of influential training data?

In this project, we focus on the under-studied domain of Data Selection for NL2Code
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• Several Pretraining (PT) data selection methods are studied in the literature

• Data Selection = Feature Extraction + Importance Calculation

Method Architecture Representative issue

Feature extraction Importance calculation 

Random / / Uninformed selection

BM25 N-grams Non-parametric (pairwise comparison) Selected data being too long

DSIR (NeurIPS’23) Hashed n-grams Parametric (Naïve Bayes) Selected data being too short

Quality Classifier (the 

Pile, Palm)

Hashed n-grams Parametric (logistic regression) Lack of diversity

Advanced Embedding 

(BGE; SIGIR’24)

Distributed rep Non-parametric (pairwise comparison) Lack of scalability

LESS (ICML’24) Gradient feature Non-parametric (pairwise comparison) Lack of scalability

External Judge 

(ChatGPT; NeurIPS’23)

/ LLM prompting Lack of scalability OR fail to 

capture nuance
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• Existing work solely focus on selecting NL (natural language)-only data. It is unclear 

and unexplored about its efficacy on NL2Code and programming data.

• Advanced methods face scalability issue, while “fast” methods either fail to select data 

with characteristics similar to the target domain (e.g., length) or lack diversity.
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Stage 1 (Feature Extraction)
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Stage 2 (Influence Calculation)
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Comparison of FINDR with data selection baselines in the Python domain, measured by Pass@1.

Comparison of FINDR with data selection baselines in the 

SQL domain, measured by Execution (EX).



Experimental Results 

Frederick Zhang, University of Michigan
8

Comparison of FINDR with data selection baselines in the Python domain, measured by Pass@1.

Comparison of FINDR with data selection baselines in the 

SQL domain, measured by Execution (EX).

• Random selection often degrades performance.

• FINDR selects on-target data that consistently 

boosts base models across domains. 

• FINDR generally outperforms strong baselines 

by non-trivial margins. 

• FINDR demonstrates superior robustness on 

“Difficult” examples.

• NL-targeted selectors do not necessarily excel at 

NL2Code. 
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Gemma results in Python with varying selection ratios.

Dashed lines denote the off-the-shelf Gemma results.
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Further Study on Selection Ratio:
• Continuously trained models exceed the 

base model once the ratio reaches 2%.

• Performance generally rises further beyond 

2%, albeit with diminishing return.

• Gemma trained on 2% FINDR-selected 

data surpasses CodeGemma despite its 

extensive pretraining.

• Similar trend observed for the SQL 

domain.

• Continuously trained models exceed the 

base model once the ratio reaches 2%.

• Performance generally rises further beyond 

2%, albeit with diminishing return.

• Gemma trained on 2% FINDR-selected 

data surpasses CodeGemma despite its 

extensive pretraining.

• Similar trend observed in the SQL domain.

Gemma results in Python with varying selection ratios.

Dashed lines denote the off-the-shelf Gemma results.
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