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Curriculum Learning

Level of Difficulty across Training Stages
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Curriculum Learning (A more formal Definition)

Definition 1. (Curriculum Learning) Given a dataset D = Ule B; partitioned into disjoint batches

B;, and a batch difficulty score function d : {B;}*_, — R>( assigning non-negative difficulty scores,
a batch-wise curriculum can be represented as a permutation 7 : [k] — [k] over the ordered indices
such that the ordered sequence

C = (Br1),Br(2),- -+ Br(x)),
satisfies the monotonic difficulty score condition: d(B,)) < d(Bri+1)) Vte{l,...,k—1}

: How do we define
.Q- d difficulty?

NEU RAL
".". INFORMATION

A X PROCESSING Annotators? Dataset E&’ E E\

Labellers ?



General Set Functions

")
A= ¢,

Choose Subset A C V
f(A) = 22
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Submodular

Functions

FAUV) — f(A) > f(BUv) — f(B), if AC B
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f = # of distinct colors of balls in the urn.
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2 Broad Categories

Submodularity

(Diminishing Returns)

Function F(X)
Representative

Facility Location Y icy MaXjeX 8ij

Graph Cut diev.jex Sii — P2 jex Sii
Diversity

Log Determinant log det(Sx)

D1spar1ty—M1n mini;,gj ex (1 — Sij)

Disparity-Sum ijex\L — Sij )

Table 1: Submodular functions used in arm defi-
nitions. V is the ground set, X C 'V, s;; denotes

' pairwise similarity, and Sx is the similarity

submatrix. p indicates the balancing factor be-
tween representative and diversity nature. We
also utilise mutual information variants (De-
tails in Appendix)




Representative Based Submodular Functions

Facility Location

ZiGV MaXgeX Sik

Saturated Coverage

Diev min{ZjeX Sijs i}

Graph Cut ADiev Djex i — 2ijex Sis
]
Similarity Kernel
:.:?.é;.t.‘"
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Representation Functions

Picks Centroids

lyer 2015, Kaushal et al 2019, Tschiatchek et al 2014, ...

Facility
Location
(k-Mediods)




Diversity Based Submodular Functions

S

S

Determinantal Point Processes

F(S) = logdet(Lyg)
1

Similarity Kernel
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Diversity Functions
Picks items as different as possible!

Kulesza-Taskar 2012, ...

DisparityMin,
DisparitySum,
LogDeterminant
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Test Accuracy (%)

Key Observation: Representative First, Diversity Later

Submodular CL per step Submodular CL per Epoch .. ..
[1] observed that beginning training

with samples chosen by

representative functions, and
gradually transitioning to diversity

1 oS S0 function selections in later stages, led
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Sequential Ordering of Submodular Functions on CIFAR100: We observe the same
Training first with representation-based subsets, then diversity-based phenomenon (both
ones, yields better performance than the reverse. (a) First 50% of macro and micro level)
steps per epoch (micro). (b) First 50% of epochs (macro).
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[1] Milo: Model-agnostic subset selection framework for efficient model training and tuning



Key Observation: Representative First, Diversity Later

Submodular CL per step Submodular CL per Epoch .. ..
[1] observed that beginning training

SHy S with samples chosen by
> > . .
2 . § 0.4 representative functions, and
=N oy e . o .
3 . S 0af gradually transitioning to diversity
2 o~ 50% div > 0% repr || @ function selections in later stages, led
= ool & —A—50% repr — 50% div E gl 4 .
0 50 100 150 200 250 300 0 50 100 150 200 250 300 to improved overall performance.
Epoch Epoch
Sequential Ordering of Submodular Functions on CIFAR100: )
Training first with representation-based subsets, then diversity-based Re;.)rese.ntatlve.=? Easy
ones, yields better performance than the reverse. (a) First 50% of Diversity => Difficult
steps per epoch (micro). (b) First 50% of epochs (macro).
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Is there a more principled approach?

of — {f(l),f(z), N .,f(’C)}

Can we learn a Principled

ordering of these submodular
functions ?

Guided by Model
Performance

Observe reward
and lterate

Choose an action

(submodular
function)
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Preliminaries

Y & . Entire Training Set consisting of n instances
D1 Entire Validation Set consisting of m instances
Z; t-th training instance in a batch
B; Denotes the full sized ¢-th step train minibatch : {x,, }LB__*{
B Denotes the full sized ¢-th step validation minibatch
(<i) Denotes the ¢-th step minibatch being constructed uptil ;1
B; ie {x,} ]
p=
SoPt Optimal subset obtained when submodular function f(%*) is
(at) applied

B°Pt = argmax f(B).
Submodular BCVBI<f (B)

Maximization
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Validation Performance as a Reward Utility Metric

ut (Bt7 Zval) — e(zvala Ht) — e(zvala ét—l—l(Bt))a

Utility Function
over entire batch
for single
validation point

Difference in Validation Loss b/w
two consecutive iterates

0:41(B;) = 0; —1: Vg (ﬁ 2 zeB, H(Z 9t))
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Instance wise Marginal Utility Gain

Aut(zz' I Bt(<i)a Zval) — ut(B§<z) U {Zi}; Zval) — ut(81g<i); Zval)

Marginal Gain w.rt Z;

B(<H _ {z1,22,...,2;,_1} Partially constructed mini
t ’ 3 y 4 .
batch at time step t
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First order Approximation - Marginal Utility Gain

AU (z; | B, 2ya) = Us (B U {23} 2val) — Us(BEY; 240
~ ﬂtveg(zz', Ht) z Vef(zvala 9t+1(3§<i)))
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Second order Approximation - Marginal Utility Gain

Z 9o, (z

n:9e, (i) - Vef(zval,9t+1(3( Z'))),\,771¢g¢9t( i) - Vol(zyal, 01 — 1 (<Z)|

zEB(<Z)
L T E :
~ nt gBt (ZZ) ’ gBt (zval) _Ir,t get( ) 7-szal |B(<z)| get
Gradient Influence Function(Term I) ZEBg <9

\ . >4

-
Hessian Weighted Relative Similarity (Term IT)

.x{o Abbrv.  gg,(2;) = Vel(zi,0;)
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Expected Marginal Utility Gain

7 V V. 1 o
E eB<D [AUt(Zz | B(< ) al)] = mgét) ‘9o, (Ztal) Utzgg?T <Id - B, |1dx|Bt|G9t) Hz‘f' (et)gg?

Computed over entire training batch
w.r.t sample validation point
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Reward Utility w.rt Submodular Function

a; € 2/, we compute an approximately optimal subset S;°° C B; of size at most 3, chosen to
maximize the submodular objective f(%)(S).

19(a/t I Bt) = valeB\t/al, zGSOpt [Au-[;(zz I ngt(<z)7Z¥al)]

a; = arg ggﬁ(ﬂ(at | Bt))

Highest utility among all
current actions
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Optimality Gap

A ,,)(By) == max {0, d(a; | B;) — ¥(a: | By)}
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Cumulative Regret
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Back to Curriculum Learning

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

Research Question: Can we learn this ordering?
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Algorithm 1: ONLINESUBMOD

Input: 7' € N: Total training steps
{f@}X_,: Candidate submodular
arms
A(+), m(-): Time-varying exploration
parameters

Output: @7 1: Final model parameter

1fort =1to7 do
2 Receive batch B;
3 | Sample ¢ ~U(0,1)
4 | Threshold: =; «+ W
{arg max Ha: | By) if (> &

5 at ated

Uniform (&) otherwise
o | S —arg  max = f(S)
7| Ot41 ¢ 0y — > 9e,(2)

zES(&t)

nt
[Scag)!

8 return 071
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Exploration.

Choose at random any
arm

Exploitation

a; = arg max (¥ (as | B))

ateszf

Highest utility among all
current actions
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Large Language Models - OnlineSubmod outperforms other baselines

Test Perplexity (Policy) Test Perplexity (Anatomy) Test Perplexity (Sociology) Test Perplexity (Chemistry)
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Figure 2: Test perplexity dynamics on LLAMA-2-7B during training with various online batch
selection strategies on MMLU. We evaluate on US Foreign Policy, Anatomy, Sociology,
and Chemistry. ONLINESUBMOD significantly outperforms baselines.
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Image Models - OnlineSubmod outperforms other baselines

Tiny ImageNet MNIST SVHN CIFAR-10 CIFAR-100
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Figure 3: Samplewise Submodular Curriculum: ONLINESUBMOD consistently achieves top-1
accuracy across all subset sizes on TINYIMAGENET, SVHN, CIFAR-10, and CIFAR-100, and
remains competitive on MNIST. Notably, it matches or outperforms all baselines at early subset
fractions (10%, 30%) on all datasets except MNIST.
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Theoretical Results

Theorem 1 (Regret Guarantees). Under Assumptions a - d, for all t > t,, with probability at

least
3(t—2) 14+ (1 —m)e)
L= Kexp (_ 28KC(2 — 1) ) !

the expected instantaneous regret incurred by the arm selection policy satisfies

E[Regret,| := Ep,Es,corEg [3(a) | By) — 3(as | By)]

K3/%(max, €q) + €,
:0(%>+0< (maxg()-l- )/loi;t)’ 8)

where €, is the approximation constant corresponding to the optimal arm a*.
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Thank You
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