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Curriculum Learning
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Curriculum Learning (A more formal Definition)

How do we define 
difficulty?

Annotators? Dataset 
Labellers ?
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General Set Functions
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Submodular Functions
Submodularity

(Diminishing Returns)

2 Broad Categories
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Representative Based Submodular Functions
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Location 
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Diversity Based Submodular Functions

DisparityMin,
DisparitySum,
LogDeterminant



Key Observation: Representative First, Diversity Later

8[1] Milo: Model-agnostic subset selection framework for efficient model training and tuning

[1] observed that beginning training 
with samples chosen by 
representative functions, and 
gradually transitioning to diversity 
function selections in later stages, led 
to improved overall performance.

Sequential Ordering of Submodular Functions on CIFAR100: 
Training first with representation-based subsets, then diversity-based 
ones, yields better performance than the reverse. (a) First 50% of 
steps per epoch (micro). (b) First 50% of epochs (macro).

We observe the same 
phenomenon (both 

macro and micro level)
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[1] observed that beginning training 
with samples chosen by 
representative functions, and 
gradually transitioning to diversity 
function selections in later stages, led 
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Sequential Ordering of Submodular Functions on CIFAR100: 
Training first with representation-based subsets, then diversity-based 
ones, yields better performance than the reverse. (a) First 50% of 
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Representative => Easy
Diversity => Difficult

Correct Assumption?



Is there a more principled approach?
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Guided by Model 
Performance

Can we learn a Principled 
ordering of these submodular 

functions ?

Dynamic/ 
Adaptive

Choose an action 
(submodular 

function)

Observe reward 
and Iterate



Preliminaries
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Submodular 
Maximization



Validation Performance as a Reward Utility Metric
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Difference in Validation Loss b/w 
two consecutive iterates

Utility Function 
over entire batch 

for single 
validation point



Instance wise Marginal Utility Gain
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Marginal Gain w.r.t 

Partially constructed mini 
batch at time step t



First order Approximation - Marginal Utility Gain 
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Second order Approximation - Marginal Utility Gain 
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Abbrv.



Expected Marginal Utility Gain
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Computed over entire training batch 
w.r.t sample validation point



Reward Utility w.r.t Submodular Function 
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Highest utility among all 
current actions



Optimality Gap

18

Cumulative Regret



Back to Curriculum Learning
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Recap: We learned that specific ordering of submodular 
functions leads to better convergence

Research Question: Can we learn this ordering?
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Highest utility among all 
current actions

Choose at random any 
arm
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Large Language Models - OnlineSubmod outperforms other baselines
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Image Models - OnlineSubmod outperforms other baselines
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Theoretical Results
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