
MOTIVATION

METHODOLOGY

 Curriculum Learning: The fundamental idea is to train models in an order
from simple to complex instead of having the model handle all the training
samples right from the start. This approach allows the model to first grasp the
basics and then progressively transition to more complex tasks.

 Limitations of Existing Work: 
• To adhere to the curriculum learning method, it is crucial to order tasks accordingly. 

But Measuring task difficulty is challenging, especially in the domain of multi-task 
natural language generation. Prior rule-based strategies relied largely on experience 
and intuition. As model’s capabilities enhance, longer sequences or rare tokens 
aren’t always considered "difficult“. And The complexity of the tasks and 
instructions that appear simple to humans might not necessarily be for models.

• Establishing a fixed order might not be optimal and manually defining the difficulty 
of a task is a complex and time-consuming process.

EXPERIMENTAL RESULTS

Continual Learning: Language models’ generalization and continual learning capabilities can be enhanced by integrating Instruction Tuning with Curriculum 
Learning.
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 IT2ACL: we propose IT2ACL, a Instruction Tuning framework guided by 2-
phase Automated Curriculum Learning, which learns easy-to-hard instructions 
for language models.

More specifically,
• In the first phase, the model learns different tasks in an order from simple to 

complex. In the second phase, once a particular task is determined, the model 
progresses from easier to more challenging instructions within that task.

• We introduce a progress signal to guide the order of learning for both phases. 
The instruction prediction gain focuses on the decrease in loss when the model 
trains under different instructions within the same task.

• After several training sessions, the average of all instruction signals within a 
task becomes the task's overall signal. Our training scheduler uses the 
adversarial multi-armed bandits (MAB) strategy, where the progress signal is 
scaled and used as the reward in MAB, enabling dynamic selection of the 
optimal training path to maximize gains.

 Instruction Prediction Gain

 Curriculum Definition
• Set A: input data sequence
• Set B: target sequence
• Sequence T: instruction formatting

 Adversarial Multi-Armed Bandits

 Full-shot Results Compared to Baselines  Sampling frequency of different 
tasks during training process

 Change of generalization ability over the 
course of training

 Effect of hyperparameters settings

 Generalization Results Compared to Baselines

• Instances  𝑿𝑿=(𝑨𝑨×𝑻𝑻×𝑩𝑩)^𝑵𝑵
• Distribution D: Task Clusters
• Θ: model parameters
• Loss for the model on the 

Kth task: 

• Loss in multi-task scenario 
of instruction tuning:

 Automated Curriculum Learning 
For Instruction Tuning

 Average Reward
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