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Why Reduce Models?

● Memory constraints
● Faster inference
● Lower energy usage
● Real-world deployment (mobile, IoT)
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Why Pruning?

● Memory
● Speed
● Energy
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What is Pruning?

● Remove unimportant weights
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Lottery Ticket Hypothesis

● Small subnetworks exist inside 
large models

● Can match full model accuracy

7[1] “The Lottery Ticket Hypothesis: Finding Sparse, Trainable Neural Networks”

The Lottery Ticket Hypothesis. A randomly-initialized, dense neural network contains a 
subnetwork that is initialized such that—when trained in isolation—it can match the test 
accuracy of the original network after training for at most the same number of iterations.



Lottery Ticket Hypothesis
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Lottery Ticket Hypothesis

9[1] “The Lottery Ticket Hypothesis: Finding Sparse, Trainable Neural Networks”

Key Results

● High sparsity possible
● Accuracy maintained
● Better than random subnetworks
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Limitation of Pruning

11[2] “DTMM: Deploying TinyML Models on Extremely Weak IoT Devices with Pruning”

● Structured → efficient, less accurate
● Unstructured → accurate, inefficient



Limitation of Pruning

12[2] “DTMM: Deploying TinyML Models on Extremely Weak IoT Devices with Pruning”

● Structured → efficient, less accurate
● Unstructured → accurate, inefficient



Deploying TinyML Models
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Real-World Constraints

● Limited memory
● Limited compute
● Need fast inference



Deploying TinyML Models

14[2] “DTMM: Deploying TinyML Models on Extremely Weak IoT Devices with Pruning”

DTMM Approach

● Introduces filterlets between 
structured and unstructured 
pruning

● Balances efficiency and accuracy



Deploying TinyML Models

15[2] “DTMM: Deploying TinyML Models on Extremely Weak IoT Devices with Pruning”

● Smaller model size
● Lower latency
● Fits memory constraints
● Maintains accuracy



Takeaways
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Pruning Takeaways

● Removes unnecessary weights
● Lottery Ticket: small subnetworks work
● Tradeoff: accuracy vs efficiency
● DTMM improves real-world deployment
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What is Quantization?

Map high-precision values (FP32/FP16) to lower-precision integers (INT8/INT4)

FP32 / FP16

+1.2374
−0.0521
+3.8917
−2.4460

→
Quantize

INT8 / INT4

+1
 0
+4
−2

→
Dequantize

Reconstructed

+0.9735  (err: 0.26)
+0.0000  (err: 0.05)
+3.8940  (err: 0.00)
−1.9470  (err: 0.50)
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Current Quantization Landscape

19



Why Quantize LLMs?

● Memory Reduction
○ FP16 → INT4 cuts model size by 4×
○ A 70B model goes from 140 GB to 35 GB, fits on a single GPU.

● Inference Speedup
○ Less memory traffic → higher effective throughput
○ Edge LLMs are memory-bound, so smaller weights = faster generation.

● Cost Savings
○ Fewer GPUs per model, lower cloud serving costs
○ Enables deployment on consumer hardware (laptops, phones, IoT).
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The Challenge: LLMs Are Massive

[3] "AWQ: Activation-aware weight quantization for LLM compression and acceleration" 22

Figure(s) from slides at https://hanlab.mit.edu/projects/awq



Low-bit weight quantization brings speedup

23[3] "AWQ: Activation-aware weight quantization for LLM compression and acceleration"

Figure(s) from slides at https://hanlab.mit.edu/projects/awq



Key Insight: All weights are not equally important

24[3] "AWQ: Activation-aware weight quantization for LLM compression and acceleration"

Figure(s) from slides at https://hanlab.mit.edu/projects/awq



How do we select salient channels?

25[3] "AWQ: Activation-aware weight quantization for LLM compression and acceleration"

Figure(s) from slides at https://hanlab.mit.edu/projects/awq



Results

26[3] "AWQ: Activation-aware weight quantization for LLM compression and acceleration"

Figure(s) from slides at https://hanlab.mit.edu/projects/awq



TinyChat: LLM Inference on Edge

27[3] "AWQ: Activation-aware weight quantization for LLM compression and acceleration"



TinyChat significantly accelerates edge LLMs

28[3] "AWQ: Activation-aware weight quantization for LLM compression and acceleration"

Figure(s) from slides at https://hanlab.mit.edu/projects/awq



Model Reduction

Pruning | Quantization | Distillation



Distilling the Knowledge in a Neural Network
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Mismatch between Training and Deployment

Training
● large redundant datasets
● need to extract structure and patterns
● no constraint on latency or compute

Deployment
● must be fast and efficient to serve large amount of users
● latency is a huge consideration

The solution? 

Train a large model to capture those complex patterns and structures, then transfer that 
knowledge to a smaller model.

[5] “Distilling the knowledge in a neural network” 31



Intuition Behind Distillation

Models learn a mapping between input vectors and output vectors. 

The relative probabilities of incorrect answer tells us how the teacher model generalizes.

Rather than optimizing for correct labels alone, distillation aligns the student's objective 
with the teacher's learned understanding of the data.
 

[5] “Distilling the knowledge in a neural network” 32



[5] “Distilling the knowledge in a neural network” 33



MNIST Classification

Baseline Distillation 
● Teacher Network: 67 test errors
● Student Network w/ Distillation: 74 test errors
● Student Network w/ Supervised Training: 146 

errors

Omitting the Number 3
● 98.6% accuracy on test 3s
● this is with a scalar bias adjustment

Only Training on 7 and 8
● 47.3% → 13.2% test error with correction

[5] “Distilling the knowledge in a neural network” 34



Distillation on Speech Recognition

[5] “Distilling the knowledge in a neural network” 35

DNN 
● input audio frames
● outputs probability distribution over possible speech sounds
● decoder assembles this into words
● 85M parameter model
● Trained on 2000 hours of spoken english data (700M training examples)



Key Takeaways

Distillation works
● Student models can successfully learn to generalize from a teacher model's soft labels

Knowledge transfers without complete data 
●  A student model can learn to recognize classes it never directly trained on, because 

soft targets from related classes leak structural information about missing ones.

Soft targets are richer than hard labels
● The probability distributions produced by a trained model encode learned relationships 

between classes, carrying more signal than a one-hot label.

[5] “Distilling the knowledge in a neural network” 36



An Application of Knowledge Distillation: 

Federated Learning



FedKD: Communication Efficient Federated Learning via 
Knowledge Distillation

Chuhan Wu, Fangzhao Wu, Lingjuan Lyu, Yongfeng Huang, Xing Xie
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Federated Learning

[6] “FedKD: Communication efficient federated learning via knowledge distillation” 39

Way of training models across devices 
without transferring data

● Global models are downloaded on 
device

● Model trains locally
● Only model updates are uploaded
● Central server aggregates local 

updates to update global model



Problem Definition

Problem: In federated learning, clients must repeatedly exchange model 
updates with a central server. When models are large, this communication 
cost becomes prohibitively expensive.

Core Idea: Instead of communicating updates for the full large model, 
FedKD has each client maintain two models: a large teacher and a small 
student. Only the small student model's updates are shared across clients, 
drastically cutting communication costs. The teacher stays local and never 
leaves the client.

40



FedKD

Each client stores its own private data locally.
Every client runs two models: a large teacher 
(private, stays local) and a small student 
(shared across all clients).
A central server coordinates the clients, 
aggregating student model updates without 
ever seeing raw data.

Goal: strong model performance with 
minimal communication cost and full 
privacy preservation.

[6] “FedKD: Communication efficient federated learning via knowledge distillation” 41



Federated Knowledge Distillation

[6] “FedKD: Communication efficient federated learning via knowledge distillation” 42

Each round, every client updates 
both its teacher and student 
simultaneously using local data 
and knowledge from each other

Teacher → Student: the large 
teacher passes down rich 
knowledge it has learned from 
local data via soft labels

Student → Teacher: the student 
passes back global knowledge it 
has absorbed from all other 
clients 



Experiment Setup

Datasets
● MIND - Microsoft News, 1 million users, predicting 

whether a user will click a news article based on 
browsing history

● SMM4H - 16,694 tweets, detecting whether a tweet 
mentions an adverse drug reaction (binary 
classification)

Setup
● Training data split across 4 clients to simulate real 

federated learning conditions Teacher model: 
UniLM-Base (a BERT-scale language model)

● Student models: smaller versions of UniLM using 
only the first 4 or 2 transformer layers

[6] “FedKD: Communication efficient federated learning via knowledge distillation” 43



Experiment Results

[6] “FedKD: Communication efficient federated learning via knowledge distillation” 44



Adaptive Mutual Distillation 

Mutual distillation helps both models
● Removing mutual distillation hurts both 

teacher and student performance
● The teacher benefits most because the 

student brings in global knowledge 

Adaptive Weighting
●  the weighting mechanism that scales 

distillation by prediction confidence is 
what separates FedKD from a simpler 
baseline

[6] “FedKD: Communication efficient federated learning via knowledge distillation” 45



Number of Clients

Unlike standard federated learning (FedAvg) which 
degrades with more clients, FedKD actually 
improves 

Each additional client brings another teacher model 
with unique local knowledge, enriching the global 
student

[6] “FedKD: Communication efficient federated learning via knowledge distillation” 46



Energy Threshold

Below Tstart = 0.95
● performance drops sharply
● this is the floor below which too much 

useful gradient information is discarded

Tend = 0.98
●  chosen as the sweet spot between 

accuracy and communication cost at 
convergence

[6] “FedKD: Communication efficient federated learning via knowledge distillation” 47



SVD Compression

Compression is aggressive early, 
precise late

Early in training: gradients are 
dominated by large coarse updates → 
very few singular values needed → 
compress heavily

Late in training: gradients become small 
and subtle → more singular values 
needed → compress less

[6] “FedKD: Communication efficient federated learning via knowledge distillation” 48



Takeaways

The problem it solves
● Standard federated learning is too expensive to communicate large models
●  FedKD cuts this by up to 10× without sacrificing accuracy.

How it works
● Keep the large teacher local, share only the small student, and let them teach each 

other — the student brings global knowledge back to the isolated teacher.
It actually works at scale
● Matches centralized training quality across two real-world privacy-sensitive tasks (eg. 

news recommendation and medical tweet detection).

[6] “FedKD: Communication efficient federated learning via knowledge distillation” 49



Neural Architecture Search (NAS)

An Orthogonal but Relevant Model Reduction Method



Beyond Post-Hoc Reduction
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Efficiency-Aware NAS
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Where the Approaches Intersect
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Why TinyML?

[3] "MCUNet: Tiny Deep Learning on IoT Devices" 55



The Challenge: Neural Nets Don't Fit

[3] "MCUNet: Tiny Deep Learning on IoT Devices" 56

Post-hoc reduction alone isn't enough！
You need model reduction at the 

architecture level



Key Insight: Reduce Weights and Activations

[3] "MCUNet: Tiny Deep Learning on IoT Devices" 57



MCUNet: System-Algorithm Co-Design

[3] "MCUNet: Tiny Deep Learning on IoT Devices" 58



TinyNAS: Automated Search Space Optimization

[3] "MCUNet: Tiny Deep Learning on IoT Devices" 59



TinyEngine: Memory-Efficient Inference

[3] "MCUNet: Tiny Deep Learning on IoT Devices" 60



Results

[3] "MCUNet: Tiny Deep Learning on IoT Devices" 61



Takeaways

[3] "MCUNet: Tiny Deep Learning on IoT Devices" 62
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