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Supervised Learning Paradigm
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ML Model – Neural 

Networks, SVM, LR, etc.

Dataset [(X, y)]

Training

Trained Model



Curating Supervised/Labelled Data

• Collect unlabelled dataset [(X)].

• Hire N (say 1000) number of (un)trained annotators.

• Task n / N (say 100 / 1000) annotators to label same input 
sample X.

• Take final label y for X as majority of n (100) labels.
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Is this person “Happy” or “Sad”?
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Is this person “Happy” or “Sad”?

• Based on the image
• Happy – 0

• Sad – 100

• But, people sometimes cry when they are happy
• Happy – 10

• Sad – 90

• But, annotators are IPL fans
• Happy – 100

• Sad – 0 
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Sentiment Analysis

Text – “This vacuum cleaner really sucks!”

Sentiment classes – “Positive” or “Negative”

• Literal Meaning → negative

• Intended Meaning → positive
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The Problem With Labels

• We force hard labels.:
• Happy = 1 

• Sad = 0

• Reality is soft labels:
• Happy = 0.6

• Sad = 0.4

We throw away uncertainty… even though it is part of the nature.
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Why Uncertainty Matters?

• If 40% of people think it's sad… should a model ignore that?

• Uncertainty is critical for decision making
• Medical Diagnosis

• Market Trading

• Language Understanding

• Self-driving cars

“Information is the resolution of uncertainty.” – Claude Shannon
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Training with Uncertainty

• Dataset – 𝑋, y ∗, 𝑝 𝑦 𝑋

• Model – A neural network  with classification head.

• Cross Entropy Loss function:

𝐿𝐶𝐸  =  − y ∗  lnP𝜃(y ∗ |X)
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𝐿𝐾𝐷  =  − ෍

c∈C

p(c|X)lnP𝜃(c|X)



Getting Soft Labels is Expensive

• Solution: Let one model teach another.

• Intuition: A “well-trained” expert model would understand uncertainty 
better.

• Terms:

• Teacher model  computes P(y|X)

• Student model  learns from P(y|X)

• Key idea:
 “The teacher already learned uncertainty — now it passes it on.”
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Why Study Distillation?

• Faster and cheaper models (lower latency, cost)

• Enables deployment on limited hardware (mobile, edge)

• Transfers generalization knowledge (soft targets)

• Improves learning with limited data

• Stabilizes and guides training
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Credits: https://x.com/jxmnop/status/1877761437931581798, Rishabh Agarwal 

https://x.com/jxmnop/status/1877761437931581798
https://drive.google.com/file/d/1xMohjQcTmQuUd_OiZ3hB1r47WB1WM3Am/view


Premise: Distillation for LLMs

Goal:  To impart capabilities/knowledge/skills of a stronger LLM to 
a weaker LLM. 

We will specify a distillation process using

• a dataset 𝑋, 𝑦

• a teacher LLM P(y|X) and student LLM P𝜃 𝑦 𝑋

• a training algorithm
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Distilling “Story Writing” Skill

The dataset

X - Write a story about a clockmaker who discovers a watch that 
counts down to the end of the world, but it only has three minutes 
left.

y - Elias had spent forty years listening to the heartbeat of brass 
and silver. To him, time wasn't an abstract concept; it was a 
physical thing you could oil, polish, and occasionally coax back to 
life….
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Distilling “Story Writing” Skill

• The Teacher Model
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Distilling “Story Writing” Skill

• The Student Model
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Distilling “Story Writing” Skill

• The Knowledge Distillation (KD) training algorithm
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LCE(X, y)  =  − ෍

i<|y|

lnP𝜃(yi|X, y<i)𝐿𝐾𝐷  =  − ෍

c∈C

p(c|X)lnP𝜃(c|X)

LKD(X, y) =  − ෍

i<|y|

෍

c∈|V|

PT(c|X, y<i)lnP𝜃(c|X, y<i)



THE KD ALGORITHM

18



Premise: Distillation for LLMs

Goal:  To impart capabilities/knowledge/skills of a stronger LLM to 
a weaker LLM. 

We will specify a distillation process using

• a dataset 𝑋, 𝑦

• a teacher LLM P(y|X) and student LLM P𝜃 𝑦 𝑋

• a training algorithm
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A Closer Look at KD Loss
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Minimize 𝐿𝑜𝑠𝑠𝐾𝐷 =  − σ𝑐∈𝐶 𝑃𝑇 𝑐 𝑋 𝑙 𝑛 𝑃𝜃 𝑐 𝑋



An Alternate Formulation

Let’s reverse the roll of 𝑃𝑇 and 𝑃𝜃

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐿𝐾𝐷

= DKL(𝑃𝜃||𝑃𝑇)

= 𝐸𝑃𝜃
𝑙 𝑛

𝑃𝜃 𝑐 𝑋

𝑃T 𝑐 𝑋
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Forward v/s Backward KL

Forward KL

= 𝐸𝑃𝑇
𝑙 𝑛

𝑃𝑇 𝑐 𝑋

𝑃𝜃 𝑐 𝑋

LLM Eq. with some abuse of notations

= 𝐸y~𝑃𝑇(.|X) 𝑙 𝑛
𝑃𝑇 y 𝑋

𝑃𝜃 y 𝑋

Backward KL

= 𝐸𝑃𝜃
𝑙 𝑛

𝑃𝜃 𝑐 𝑋

𝑃T 𝑐 𝑋

LLM Eq. with some abuse of notations

= 𝐸y~𝑃𝜃(.|X) 𝑙 𝑛
𝑃𝜃 y 𝑋

𝑃T y 𝑋
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Mode Covering v/s Mode Seeking
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Credits - https://arxiv.org/pdf/2306.08543



Challenge in Reverse KL Training

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐿𝐾𝐷 = 𝐸y~𝑃𝜃(.|X) 𝑙 𝑛
𝑃𝜃 y 𝑋

𝑃T y 𝑋

We are “sampling” outputs from the student!!!!

Sampling is not a differentiable operation → Reverse KL is not 
trainable.

Note that Forward KL samples from the teacher → Forward KL is 
trainable.
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Computing Gradient under Sampling

𝐿𝐾𝐷 = 𝐸y~𝑃𝜃(.|𝑋) 𝑙 𝑛
𝑃𝜃 y 𝑋

𝑃T y 𝑋
= 𝐸y~𝑃𝜃(.|𝑋) 𝑓 𝑦

∇𝜃𝐿𝐾𝐷 = ∇𝜃𝐸y~𝑃𝜃(.|𝑋) 𝑓 𝑦

= 𝐸y~𝑃𝜃(.|𝑋) 𝑓 𝑦 ∇𝜃ln𝑃𝜃(y|X)

This is called REINFORCE the core of Policy Gradient Algorithms
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Reverse KL 
Training Algorithm

Also called as 

Online/On-policy 

Distillation



Results
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Distillation at Pre-training
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THE TEACHER AND THE STUDENT

29



Premise: Distillation for LLMs

Goal:  To impart capabilities/knowledge/skills of a stronger LLM to 
a weaker LLM. 

We will specify a distillation process using

• a dataset 𝑋, 𝑦

• a teacher LLM 𝑷(𝒚|𝑿) and student LLM 𝑷𝜽 𝒚 𝑿

• a training algorithm
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The Specifications

• The teacher must be “stronger” on the task under consideration 
→ Generally a very large LLM.

• The student is a relatively “weaker”. 

• The teacher and the student MUST share a tokenizer.
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Strong → Weak Distillation
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• The teacher is Qwen3-30B-

A3B)

• The student is pre-trained 

models Qwen3 

0.6B/1.7B/4B/8B models.



Weak → Strong Distillation?
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Assume we have a dataset [(𝑿, 𝒚)]
Let’s consider two teacher LLMs.

Pro: Strong performance

Con: Compute Expensive

Pro: Compute Cheap

Con: Weak Performance

How can we leverage weak teacher in Distillation?



Weak → Strong Distillation

• Core Idea: Use smaller model as “Explorer”.

• Sample more outputs for distillation → Stable training.
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Distillation Results
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Weak → Strong Distillation Take Aways

• Smaller models can help when
• The task requires exploration, i.e., diversity in reasoning is useful. E.g. 

math, general reasoning domains.

• Compute budget is limited.

• Smaller model may not help when
• Task is too complex for smaller models, i.e., very low performance. E.g., 

mathematical proofs, complex coding, etc.

• No “verification” is available to avoid poisoning.
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Self-Distillation

• Can a model improve itself?

• An example of Weak → Weak, Strong → Strong.
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Zero Shot v/s Few Shot Performance

38 Credits: https://arxiv.org/pdf/2005.14165



Self Distillation Using Few Shot Examples

• Core Idea:

• Define teacher PT  = P𝜃(. |𝑋, 𝐶) where C are in-context examples.

• Perform Reverse RL distillation using above teacher.

• Update teacher with student periodically.

• This is a special case of Context Distillation.
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Results
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THE DATASET
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Premise: Distillation for LLMs

Goal:  To impart capabilities/knowledge/skills of a stronger LLM to 
a weaker LLM. 

We will specify a distillation process using

• a dataset 𝑿, 𝒚

• a teacher LLM P(y|X) and student LLM P𝜃 𝑦 𝑋

• a training algorithm
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Forward v/s Backward KL

Forward KL

= 𝐸y~𝑃𝑇(.|X) 𝑙 𝑛
𝑃𝑇 y 𝑋

𝑃𝜃 y 𝑋

Backward KL

= 𝐸y~𝑃𝜃(.|X) 𝑙 𝑛
𝑃𝜃 y 𝑋

𝑃T y 𝑋
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Q. Do we really need ys?

Q. How do we choose Xs?

Q. Assuming we have (X, y) pairs, how to use them effectively?



Creating Synthetic Datasets - WizardLM

• Use LLMs to create Prompts and Answer at scale.

• Start with simple prompts - "What's trending in science & 
technology?“

• Ask and LLM to re-write it with added complexity - "As a 
researcher in the field of artificial intelligence (AI) and 
healthcare, you have been tasked with conducting a 
comprehensive study of the potential of AI in healthcare.…"
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Ethics of Distillation
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Ethics of Distillation

• Is distilling a large model basically “copying” it? 

• Even if outputs are used instead of weights, does it still replicate 
proprietary knowledge? 

• Legal issues similar to scraping copyrighted data for training.

• Fair Competition vs Free Innovation.

• Responsibility and Ownership problem.
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