
Evaluating LLMs Without Oracle Feedback: Agentic Annotation 
  Evaluation Through Unsupervised Consistency Signals

Cheng Chen 1,2,3 Haiyan Yin2,3, Ivor W Tsang 2,3,4   
1University of Technology Sydney &  2CFAR, Agency for Science, Technology and Research, Singapore

&  3IHPC, Agency for Science, Technology and Research, Singapore
 & 4College of Computing and Data Science, Nanyang Technological University

A novel agentic paradigm Framework

Current Issue for LLMs Training

•Scarcity of High-Quality Data: More high-quality, manually 
annotated data (intents and Slot labels) for multi-intent SLU needs 
to be acquired.  

• Background

• Evaluation is Crucial for Unsupervised 
Annotation Task

Experiments

LLMs Model Evaluation is crucial to achieve autonomous 
Agentic AI

•Scarcity of : More high-quality, manually annotated data (intents 
and Slot labels) for multi-intent SLU needs to be acquired.  

A novel Consistent 
and Inconsistent 
Ratio (CAI), where a 
student model 
collaborates with a 
noisy teacher (the 
LLM) to assess and 
refine annotation 
quality without relying 
on oracle feedback.

Conventional Dataset Annotation 
Preparation

New Dataset 
Annotation Preparation

Figure 3: An illustrative figure highlighting 
the importance of consistent-and-
inconsistent sample identification in  
evaluating LLM performance. LLM 
annotations on inconsistent samples 
(dark-colored bars) exhibit significantly 
lower accuracy compared to those on 
consistent samples (light-colored bars).

Figure 2: Visualization of t-SNE Clustering 
(better viewed in color, enlarged) 
comparing LLM vs Ground-Truth 
Annotations on Go Emotion Dataset. LLM 
outputs exhibit high similarity with ground 
truth labels on consistent samples, while 
showing significant divergence on 
inconsistent samples.

❖ We can not just rely on 
LLMs itself for evaluation 
?

LLMs Generated Output 
1. Inconsistency: The 

output manifests 
inconsistency and 
randomness issues.

2. Overconfidence: The 
current accuracy is 
unsatisfactory and 
requires further 
improvement.

3. Accuracy: The current 
accuracy is unsatisfactory 
and requires further 
improvement.

Student Model
• A user preference-based majority voting strategy

Teacher Model
• Zero-Shot and One-Shot Prompting

• Consistent and Inconsistent Ratio for LLM evaluation 
and Model Selection

Figure 1: Correlation analysis between LLM annotation accuracy and the CAI ratio, 
evaluated across 4 principled LLMs (also see statistical test results in Sec 3). The Pearson 
correlation coefficients and corresponding p-values confirm the statistical significance 
of the positive correlation between CAI ratio and LLMs accuracy

Introduction

No ground-truth safety net – 
without oracle labels, errors in 
pseudo-annotations can 
propagate unchecked.
Bias & mode-collapse detection 
– evaluation surfaces class 
imbalance, shortcut learning, or 
repetitive mistakes early.
Progress tracking & stop-criteria 
– metrics like CAI or disagreement 
rate tell you when the iterative 
loop has really improved (or 
plateaued), saving compute.
Downstream quality guard – 
small sanity-checks on a held-out 
slice predict whether noisy labels 
will hurt final task performance.
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