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Why do we need Model compression? 

Complex models -> More memory and slower inference time 
(not ideal for deployment)



Content:
- MiniLM : Deep Self-Attention Distillation for Task-Agnostic Compression of 

Pre-Trained Transformers

- Load What You Need : Smaller Versions of Multilingual BERT

- Our Results



MiniLM
Main Contributions - 

1) Proposes Self Attention distillation which makes the student model architecture 
agnostic
a) As opposed to DistilBERT that has half the number of layers, or,
b) MobileBERT that needs to have the same number of layers as teacher

2) Scaled dot product that helps to closely mimic the Value in attention without the 
need to have an extra parameter dimension

3) Introduction of teacher assistant for distilling knowledge from large teacher to 
smaller student



MiniLM: Last Attention layer
They use KL Divergence between Q-K dot product (refer image next slide) of the 
teacher and the student model.

Why only the last self attention layer?

- Jawahar et. al - Self attention model of pre-trained LM have rich linguistic 
information.

- Just taking the last attention layer gives more flexibility to design the student 
architecture

- This also avoids the effort of finding the best layer mapping (󰣹)



Diagram explaining the idea



MiniLM: Value dot product MiniLM: Teacher assistant
Why use “value” in the attention head?

- Introducing relation between the value of 
student and teacher allows the student to 
deeply mimic the teacher’s attention behaviour.

Why Scaled Dot product?

- Allows vectors of different hidden dimension 
into matrix with same size (here-  RA x |𝒳| x 
|𝒳|)  so now student can use more flexible 
hidden layer size. And this avoids an additional 
parameter needed to transform the student 
representation.

In case if student layers < ½ Teacher layers - Prefer to 
use Teacher assistant to bridge the gap.

Empirically it is seen that using TA helps improve the 
model performance.

(No comments on what should be the size of TA)



MiniLM: Results
6 layered 768 dimension



Load What you need

And in cases where we just want to use it on a set 
of languages - Why bother keeping all language 
parameters in embedding layer ?

Why this work is interesting!  🤔
Nearly 52% of the parameters in the MMLMs are 
stored in embedding layers (in BERT 22%)



Load what you need: Vocab
Steps to make smaller models - 

1) Identify the Vocabulary  - Choose the 
tokens which appear in at least 0.05% of the 
paragraphs

2) Reconstruct the embedding layer  - paper 
simply mentions: using the new vocab we 
extract the embeddings for the smaller 
model.

When we inspect their code - 

Note: Union of all language tokens is not the sum 
(100%) as some tokens are shared among languages



Load what you need: Results
- No performance drop in LWYN
- en-xx : Bilingual models

Limitations
As rest of the model architecture remains the same - inference time ⏱ is 
same as the original large model, just the memory (size) of the student model 
is reduced.

Authors have shared the code for reducing any model (having vocab file - 
so no XLM-R) - Link

https://github.com/Geotrend-research/smaller-transformers


Our Results
What we try to explore?

- DistilBERT + Load what you need : Distilling an already distilled model

- MiniLM vs DistilBERT performance: on trained and zero shot setting

- Performance of mBERT, DistilmBERT, multilingual-MiniLM on tasks like XNLI, 

Ty-DiQA, PAWS-X

- %age drop of teacher vs student model (mBERT vs DistilmBERT & XLM-R vs 

multilingual-MiniLM)



Some interesting results
Observation: 

- Drop for LWYN is minimal
- Zeroshot performance is decent 

with similar languages like fr, es 
when trained on English, with 
substantial drop in languages like 
ja, ko

When fine-tuned on English (Data: PAWS-X)

Note: Major drop in 
zero shot performance 
when fine-tuned on 
Korean (refer slides)



Some interesting results

All data fine-tuning (comparison of XLM-R & m-MiniLM on 
Ty-DiQA)

Massive drop in zero shot 
performance of distilbert



Links for all the results and graphs - 

Overleaf documentation 

Slides presentation - 


