
Interactive Multi-fidelity Learning for Cost-effective Adaptation 
of Language Model with Sparse Human Supervision

Introduction

Given a total annotation budget and a computational cost , we aim to fine-tune a 
small LM on a downstream task by annotating samples from an 
unannotated data pool to constitute the annotated sample set (
and initially ) such that its performance is maximized.

Annotation set – a human-annotated subset and an LLM-annotated subset
Total annotation budget – human annotation budget and LLM annotation budget
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• Problem Formulation

• Multi-fidelity Learning Framework
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v Design 1: In-context learning with 
similarity-based prompt retrieval

v Design 2: Variable batch-size query

Ø Termination

EEQ harnesses human annotation for exploitation by maximizing informativeness through 
uncertainty sampling, and LLM annotation for exploration by enhancing representativeness 
through diversity sampling --- two-stage selection
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two stopping criteria: (1) annotation budget and (2) computational cost
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Comparisons between our multi-fidelity learning (200 human + 800 
GPT-3.5 annotations) and various sizes of human annotations.

Comparisons between our IMFL and single low-fidelity (all GPT-3.5) 
annotation on four domain-specific tasks given 1000 annotation budget.

Exploitation-Exploration Query vs Random Query Strategy

Effects of prompt retrieval, variable batch size, and batch orders

Effects of prompt retrieval, variable batch size, and batch orders
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• Generic LLMs for domain-specific tasks - immense scale at deployment,
susceptibility to misinformation, e.g., healthcare and finance

• Fine-tuned small LMs for domain-specific tasks – faster development
cycles, lower operating costs but need high data annotation costs

The high human annotation cost in domain-specific tasks can be greatly 
reduced by employing IMFL, which utilizes fewer human annotations 
combined with cheaper LLM (e.g., GPT-3.5-turbo) annotations to 
achieve competitive performance.

IMFL proposes the best acquisition strategy that balances between low-
fidelity automatic LLM annotations and high-fidelity human annotations to 
maximize model performance given limited annotation budgets.
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