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Two Common LM Objec-ves

‣ Masked Language Modeling (e.g., BERT): corrupted input 
sequence  

(e.g., with [MASK] 
tokens)

‣ Autoregressive Language Models (e.g., GPT), i.e., next-token predic-on:



(Recap) BERT
‣ How to learn a “deeply bidirec-onal” model? What happens if we just 

replace an LSTM with a transformer?

John        visited Madagascar yesterday

visited Madag. yesterday …

‣ Can do this by “one-sided” Transformer 
(masked self-aXen-on), but “two-sided” 
Transformer encoder can cheat

John        visited Madagascar yesterday

ELMo
visited Madag. yesterday …

BERT



(Recap) Masked Language Modeling 
‣ How to prevent chea-ng? Next word predic-on fundamentally doesn't 

work for bidirec-onal models, instead do masked language modeling

John        visited      [MASK]     yesterday

Madagascar
‣ BERT formula: take a chunk of 

text, predict 15% of the tokens

‣ For 80% (of the 15%), 
replace the input token 
with [MASK]

Devlin et al. (2019)

‣ For 10%, replace w/random

‣ For 10%, keep same

John        visited         of            yesterday

John        visited  Madagascar yesterday



(Recap) Fine-tuning BERT
‣ Fine-tune for 1-3 epochs, small learning rate (e.g. 2e-5 - 5e-5)

‣ Large changes to weights up here 
(par-cularly in last layer to route the 
right informa-on to [CLS])

‣ Smaller changes to weights lower down 
in the transformer

‣ Small LR and short fine-tuning schedule 
mean weights don’t change much

‣ More complex “triangular 
learning rate” schemes exist



(Recap) BERT Fine-tuning Results

Devlin et al. (2018)

‣ Huge improvements over prior work (even compared to ELMo)

‣ Effec-ve at “sentence pair” tasks: textual entailment (does sentence A 
imply sentence B), paraphrase detec-on



Other Encoder-only LMs

‣ MosaicBERT (Portes et al., 2023; Nussbaum et al., 2024)

‣ ModernBERT (Warner et al., 2024)

‣ EuroBERT (Boizard et al., 2025) for 15 languages

‣ NeoBERT (Le Breton et al., 2025)

‣ XLM-RoBERTa (Conneau et al., 2020) for 100 languages

‣ mDeBERTa (He et al., 2021) for 100 languages

‣ mmBERT (Marone et al., 2025) for 1800 languages

‣ ? Jev  (TypeSafe AI, 2026)



mmBERT
‣ Mul--stage training with different number of languages per stage

Marone et al. (2025)



mmBERT

Marone et al. (2025)

‣ Pre-trained on 3T tokens of mul-lingual text in over 1800 languages



Compressing BERT



ALBERT

Lan et al. (2020)

‣ Factorized embedding matrix to save parameters, model context-
independent words with fewer parameters

Ordinarily |V| x H — |V| is 30k-90k, H is >1000

Now: |V| x E and E x H — E is 128 in their implementa-on

Factor into two matrices with a low-rank approxima-on

‣ Addi-onal cross-layer parameter sharing

‣ A Lite BERT (18x fewer parameters, 1.7x faster training than BERT)



ELECTRA

Clark et al. (2020)

‣ No need to necessarily have a genera-ve model (predic-ng words)

‣ This objec-ve is more computa-onally efficient (trains faster) 
than the standard BERT objec-ve



Dis-lBERT

Sanh et al. (2019)

‣ Dis-lBERT is pretrained by knowledge dis-lla-on to create a smaller 
model with faster inference and requires less compute to train.



Compressing BERT

Michel et al. (2019)

‣ Remove 60+% of BERT’s 
heads post-training with 
minimal drop in performance

‣ Dis-lBERT (Sanh et al., 
2019): nearly as good with 
half the parameters of BERT 
(via knowledge dis-lla-on)



Knowledge Dis-lla-on



Knowledge Dis-lla-on

Hinton et al. (2015)



Knowledge Dis-lla-on
‣ Compress a large and complex model (the teacher model) into a smaller 

and simpler model (the student model)

(e.g., large language models) (e.g., a small LM)
Teacher Studentdis-ll



Knowledge Dis-lla-on
‣ Formally, NNs typically use a soumax func-on to convert logits          into 

class probabili-es:  

‣ One classic way of knowledge dis-lla-on is to align the class probability 
distribu-on from teacher and student networks. 

Hinton et al. (2015)



Soumax Temperature
‣ Formally, NNs typically use a soumax func-on to convert logits          into 

class probabili-es:  

index of 
output space    Y

temperature to smooth  
softmax distribution

‣ T = 1: Standard Soumax
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Knowledge Dis-lla-on
‣ Formally, NNs typically use a soumax func-on to convert logits          into 

class probabili-es:  

‣ One classic way of knowledge dis-lla-on is to align the class probability 
distribu-on from teacher and student networks. 

‣ More advanced KD include aligning intermediate weights, gradients of 
aXen-on maps, sparsity paXerns auer ReLU ac-va-on, etc. 



Entropy
‣ Entropy measures the inherent randomness or uncertainty of a single 

probability distribu-on



Cross-Entropy
‣ Cross Entropy (CE) is an extension of the concept of entropy, when two 

different probability distribu-ons are present
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sum over output 
space to normalize

‣ Training: maximize

Pw(y|x) =
exp

�
w>f(x, y)

�
P

y02Y exp (w>f(x, y0))

i.e. minimize nega-ve log likelihood  
or cross-entropy loss

index of  
data points (j)

L(x, y) =
nX

j=1

logP (y⇤j |xj)

(Recap) Mul-class Logis-c Regression



Dis-lla-on Loss
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predic-ons
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CE loss

Health

Sports

Science

dis-lla-on loss Hinton et al. (2015)

‣ Train student to mimic teacher’s predicted distribu-ons

‣ The rela-ve probabili-es of incorrect answers tell us a lot about how the 
large (“teacher”) model tends to generalize (e.g., mixing up “Health/
Science” is a smaller error than “Health/Sports”).

(Sou labels)



Dis-lBERT

Sanh et al. (2019)

‣ Dis-lBERT is pretrained by knowledge dis-lla-on to create a smaller 
model with faster inference and requires less compute to train.



Dis-lBERT

Sanh et al. (2019)

‣ Dis-lBERT is pretrained by knowledge dis-lla-on to create a smaller 
model with faster inference and requires less compute to train.

cosine embedding loss



Kullback–Leibler (KL) Divergence
‣ KL Divergence from p to q is defined as:

‣ If p is fixed (e.g., target distribu-on), then H(p) is a constant, minimizing 
cross-entropy H (p, q) is equivalent to minimizing the KL divergence



Knowledge Dis-lla-on of LMs
‣ Token-level knowledge dis-lla-on

At each decoding step t, the student matches the teacher’s next-token (or 
masked-token) predic-on.

teacher student



Knowledge Dis-lla-on of LMs
‣ Token-level knowledge dis-lla-on

At each decoding step t, the student matches the teacher’s next-token (or 
masked-token) predic-on. This is equivalent to:

teacher student



Sequence-level Knowledge Dis-lla-on
‣ Generate with a teacher model

Teacher
Prompt 1 

Prompt 2 

       …

Output 1 

Output 2 

       …

‣ Student model fine-tunes on the data generated by the teacher model

Student
(Prompt 1, Output 1) 

(Prompt 2, Output 2) 

…

Generate

Fine-tune

Kim & Rush (2016); Slide Credit: Sean Welleck



Some Examples



Sequence-level Knowledge Dis-lla-on
‣ Generate with a teacher model

‣ Student model fine-tunes on the data generated by the teacher model

Kim & Rush (2016)
Treat        as a pseudo-label and perform maximum likelihood training on it.



Knowledge Dis-lla-on of LMs
‣ Token-level knowledge dis-lla-on: “sou” targets (token prob. distribu-on)

‣ Sequence-level knowledge dis-lla-on: “hard” pseudo-label sequences

minimize                                                over all possible sequences is intractable;  
instead, train the student on teacher-generated sequences as pseudo-labels (approxima-ng the distribu-on).

match the teacher's probability distribu-on over the vocabulary at each token posi-on 
by minimizing                                      .



Takeaways

‣ Transformers + lots of data + self-supervision seems to do very well

‣ Next:  GPT/GPT-2/GPT-3, etc.

‣ Knowledge dis-lla-on: Train a smaller model to imitate a stronger model


