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The Problem: The Hidden Cost of Bad Data

Large Language Models (LLMs) that use external tools are becoming increasingly powerful. However, their training often relies on
large, synthetically generated datasets that are not checked for quality. This leads to several issues:

● Errors in training data lead to poor model performance.

● It's difficult to diagnose model failures without understanding data quality.

● Valuable resources are wasted training models on flawed or erroneous data.

The core hypothesis: Quality over quantity.









The "Less is More" Principle in Action

This research demonstrates a crucial finding: fine-tuning a tool-using 
LLM on a small, high-quality dataset can achieve better or 
comparable performance to training on a much larger, unvalidated 
dataset.



Two Approaches to Measuring Data Quality
To prove the hypothesis, the study introduces two distinct methods for evaluating the quality of training data instances.

1. Intrinsic Quality Evaluation

This method uses an external LLM (like ChatGPT) to assess 
data against various human-defined criteria for correctness 
and logic. It's about what makes an instance 'good' from a 
human perspective.

2. In-Context Evaluation (ICE)

This method measures the 'educational value' of a data 
instance. It tests how helpful an instance is as a one-shot 
example for a target LLM performing a task, predicting its 
usefulness for training.
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Defining "Good Data": Intrinsic Quality Criteria
Instruction Properties

Specificity

Does the 
instruction 
contain all the 
necessary 
details for the 
LLM to fulfill 
the request?

Coherence

Are the 
requests 
within the 
instruction 
logically 
related and 
make sense in 
a real-world 
context?

Solvability

Can the 
requests 
actually be 
addressed by 
the given set 
of API tools?

API-Call Sequence Properties

Parameter 
Alignment

Are parameter values 
correctly extracted from 
the instruction without 
missing or hallucinated 
values?

Sufficiency

Does the API-call 
sequence cover 
all actions 
required by the 
instruction?

Minimality

Does the 
sequence use the 
minimum number 
of API calls 
necessary, with 
no redundant 
calls?



The Quality Gap: ToolBench vs. ToolAlpaca
Automated metrics revealed significant quality differences between two prominent datasets. ToolBench, which uses real-world 
APIs, has a much higher percentage of errors across most criteria compared to ToolAlpaca, which uses cleaner, synthesized APIs.

Notably, over 33% of instances in both datasets had parameter alignment errors, meaning the models learn to identify parameters 
incorrectly in a large portion of cases.



Alternative Method: In-Context Evaluation (ICE)
ICE offers a different lens for data quality, focusing on an instance's 'educational value' rather than human-defined correctness. 
The process measures how much a single training example improves a model's performance on a related test task.

Prepare a small, hand-crafted test set (APIs and queries).

Use one training data instance (x) as a one-shot example.

Prompt the target LLM to solve the test queries using the example.

The model's performance on the test set becomes the ICE score for instance x.



ICE Score Analysis
Score Distribution

The ICE scores revealed a clear difference between datasets. 
ToolAlpaca showed a bimodal distribution, suggesting distinct 
groups of high and low-quality examples. In contrast, most 
instances in ToolBench received low ICE scores, aligning with 
the intrinsic analysis that its overall quality is lower.



The Final Showdown: Extrinsic Evaluation
To test the main claim, models were fine-tuned on various subsets of the ToolBench and ToolAlpaca datasets and then evaluated 
on a cleaned, high-quality test set. The results compare performance based on the quality of the training data.



Key Result: Quality Trumps Quantity
The results are clear. For ToolBench, training on a filtered, high-quality subset of just 10K instances significantly outperformed 
training on the original 73K instances.

● High-quality subsets (rows 4-6 in Table 6) consistently outperform random samples.

● Performance on small, high-quality sets is comparable or superior to the full, noisy datasets.

● Combining Intrinsic metrics and ICE for filtering yields the best results.

● Training on data with low ICE scores actively harms model performance.

The takeaway: careful data selection is more effective than using more data.



Conclusion & Takeaways
It is worthwhile to carefully choose training data for tool-using LLMs.

Automatic post-hoc filtration is a great, cost-effective alternative to improving 
data generation methods.

Two effective evaluation approaches were introduced: explainable Intrinsic 
Quality metrics and computationally cheaper In-Context Evaluation (ICE).

This work proves the 'less is more' trend: smaller, high-quality datasets lead to 
superior or comparable model performance.


