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Limited Real-World Data
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Real-World

Large Real-World Dataset

Labelling 

Human labelling is expensive and time consuming 



Training on Synthetic Data
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Misalignment from Synthetic Data to Real Data
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•Only LLM-generated (synthetic) and small real data 

(around 200 - 400) are available

Synthetic

Data

Small Real 

Data

Few-shot 

prompting

Misaligned!

Real-world
sample

LLM



Synthetic Data Leads Unstable Performance
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Small real-world data

LLM-Generated data

Large real-world data

Sometimes even worse than small real-world data…



Weighted Loss Function
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Does it exist a weight function that can transform

Cross Entropy over Q to P?

Question:

Weight function

Predicted probability of  a model

Not all datapoints are equally important! 

E.g. false data, hallucination, ...

Small real-worldSynthetic Data Real-world



Transformation from Q to P
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Asymptotic Convergence to Cross Entropy over P!

(Under some reasonable assumptions)

Importance Weight function

Synthetic Data Real-world



Importance Loss (IMP-Loss)
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Approximate P by fitting a model using small real data

Approximate Q by fitting a model using synthetic data

Small real-worldSynthetic Data Real-world



Prioritize Quality and Diversity
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High quality from real-world perspective

Higher data diversity from generated dataset perspective

(Lower Q)

Quality Checker

Diversity Checker

Small real-worldSynthetic Data Real-world



Another Perspective
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Objective:

f  is one step optimization 

algorithm e.g. SGD

Which data makes the current model be closest to P?

Synthetic Data Real-world



Which data point causes the model to be 
closest to P?
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Objective:

Approximate P by using Small Real Data

Calculation is more tractable!!

Small real-worldSynthetic Data Real-world



Dynamic Importance Loss (DIMP-Loss)
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DIMP-Loss: Synthetic Data

Real-World

Objective:

Small Real Data

Dynamic Importance Weight function



Dynamic Importance Loss (DIMP-Loss)
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DIMP-Loss:

Real-World

Objective:

Small Real DataFitting a model using small real data

Model itself

Synthetic Data



Quality and Diversity Checkers 
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DIMP-Loss:

IMP-Loss:
High quality from real-world perspective

Higher data diversity from synthetic dataset's perspective

High quality from real-world perspective

Higher data diversity from model’s perspective 

(Lower                     )

(Lower                         )



Both are Better on LLM-Generated Data 
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Better than Models from Small Real-world Data

• Both are consistently better than models only trained on small real-world 

data.
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Checkers’ Reaction on Noisy Data
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Average weights of  IMP-Loss for 

datapoints in Financial dataset

• Original: Original data 

• Swap: Swapped ground true 

label (Low Quality)

• Duplicate: Duplicate datapoint 

twice in dataset (Low Diversity)

• Unrelated: Other benchmark

(Low Quality)



Robust Performance on Noise Data
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→Our methods still help even the training set is messy

Noise Data: Randomly add duplicate, swapped label, and 

irrelevant data into large real-world dataset 



Computational Time
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Ours

• IMP-Loss requires approximately twice the 

computational time compared to using CE-Loss

• DIMP-Loss just requires slightly higher than 

CE-Loss! → It is Time Efficient!

• Both need less time than a typical meta-

learning approach, i.e., SunGen

Total Time



Without Diversity Checkers 

• Diversity checkers are important!
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Superior and Robust Accuracy across Epochs
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Quality Checker is Data Size Efficient
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Small data can still have large improvement!

→ data size efficient

Directly trained with CE-Loss 

on synthetic data

Only trained on small real-world data



Smaller Quality Checker on Larger Text-classifier
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Small size Quality Checker still helps for DIMP-Loss



Conclusion

•We considered the issue of  distribution misalignment and 

proposed IMP-Loss, DIMP-Loss, aiming to make model 

closer to the real-world distribution.

•Both loss robustly outperform on various data 

(LLM-generated, real-world, and noisy data)

•Training on DIMP-Loss is efficient of  checker size, data 

requirement, and computational time!
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Let’s Prioritize high Quality and Diverse datapoints!
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