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What is attention and why we need?



Why we need attention

Issues with RNNs/Seq2Seq: CNN is all d
IS all you nee

- Temporal Dependency.They cannot be parallelized, which is https://arxiv.org/pdf/1712.09662.pdf
time-consuming.

Attention is all you need

- Vanishing Gradient over time.The influence of earlier time https://arxiv.ora/pdf/1712.09662.pdf
steps diminishes as the time gap increases.



https://arxiv.org/pdf/1712.09662.pdf
https://arxiv.org/pdf/1712.09662.pdf

Self Attention Layer
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v' Key Points:
1. All text computations can be performed independently and in parallel — the calculation

of O, does not depend on O;.
2. For each word, all other words contribute to its output — with the contribution strength

determined by attention weights — there’s no temporal forgetting issue.

v' By the same way as getting O1, we can get 02, O3, 04,
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Self Attention Layer
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Linear layer for mapping concat result to the input shape
to avoid dimension increasing disaster.
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Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.

3.2.1 Scaled Dot-Product Attention

We call our particular attention "Scaled Dot-Product Attention" (Figure|2). The input consists of
queries and keys of dimension dy, and values of dimension d,,. We compute the dot products of the
query with all keys, divide each by /d}, and apply a softmax function to obtain the weights on the
values.

In practice, we compute the attention function on a set of queries simultaneously, packed together
into a matrix ). The keys and values are also packed together into matrices K and V. We compute
the matrix of outputs as:

T

Attention(Q, K, V') = softmax( @

)V (1)

dy .
The QKAT product is scaled to avoid softmax
saturation for improved training stability.



Causal Self-Attention

In tasks like autoregressive text generation, where words are produced from left to right, the generation of the current

word must not depend on future words that have not yet been generated.
To enforce this, Causal Self-Attention is used, which restricts each position to attend only to previous positions in

the sequence by using only the keys (K) and values (V) of the preceding tokens.
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nanoGPT: https://qgithub.com/karpathy/nanoGPT/blob/93a43d9a5c22450bbf06e78da2cb6eeef084b717/model.py#L 68

Implement in pytorch by Tensor.masked _fill _

Deepseek V3: https://github.com/deepseek-ai/DeepSeek-V3/blob/9b4e9788e4a3a731f7567338ed15d3ec549ce03b/inference/model.py#L. 592



https://github.com/karpathy/nanoGPT/blob/93a43d9a5c22450bbf06e78da2cb6eeef084b717/model.py#L68
https://github.com/deepseek-ai/DeepSeek-V3/blob/9b4e9788e4a3a731f7567338ed15d3ec549ce03b/inference/model.py#L592

Multi-Head Attention

https://web.stanford.edu/~jurafsky/slp3/8.pdf

class MultiHeadAttention(nn.Module):

def __init__ (self, d_model, num_heads=8, bias=False, dropout=0.1, gkv_proj=False):

Project downto d

Concatenate Outputs

Each head
attends differently
to context

SHYLE, 79T FIFEEHTiT B .
S A ETEQKY, #SH5AMultiHead Q = Q.vie

1.
2.

a:

/ The origi

nal paper uses d_k = d_v = d_model / num_heads = 512 / 8 = 64

= [1xd]

self.d_k

assert d_model % num_heads == @ and self.d_k > @

tiHeadAttention, self).__init_ ()

= d_model // num_heads

self.num_heads = num_heads

self.gkv_proj = gkv_proj
if gkv_proj:

self.
self.
self.

g_proj = nn.Linear(d_model, d_model, bias=bias)

k_proj = nn.Linear(d_model, d_model, bias=bias)

v_proj = nn.Linear(d_model, d_model, bias=bias)

self.drop
self.outp

def forward(s
# input:
# softmax

JEEH Transformer Paper &/ 78 7\Head

B, T, d_m

if self.q
Q=s
K =3

V==

out = nn.Dropout(dropout)

ut_fc = nn.Linear(d_model, d_model, bias=bias)

elf, Q, K, V, mask=None):
(batch_size, seq_len, d_model)

(QKAT / sgrt(d_k)) * Vv

odel = Q.size()

kv_proj:

elf.q_proj(Q)
elf.k_proj(K)
elf.v_proj(V)

K = K.vie

EZ7manoGPT 4, (K7 —7nn.Linear, #H7EZQKV V= Vovie

w(Q.size(@), Q.size(1l), self.num_heads, self.d_k).permute(®, 2, 1, 3) # bs x num_heads x seq_len x d_k
w(K.size(@), K.size(1l), self.num_heads, self.d_k).permute(0, 2, 1, 3)
w(V.size(®), V.size(1), self.num_heads, self.d_k).permute(®, 2, 1, 3) # bs x num_heads x seq_len x d_k

attention
if mask i
atten

attention

= torch.matmul(Q, K.permute(®, 1, 3, 2)) / (self.d_k ** @.5) # bs x num_heads x seq_len x seq_len
s not None:
tion = attention.masked_fill(mask[:,:,:T,:T] == @, float('-inf"))

= F.softmax(attention, dim=-1) # bs x num_heads x seq_len x seq_len

GPT At A 7Attention Weights /&4 7Dropout  |attention

= self.dropout(attention) |

output =
output =
output =

return ou

torch.matmul(attention, V) # bs x num_heads x seq_len x d_k
output.permute(®, 2, 1, 3).contiguous().view(B, T, -1)
self.output_fc(output)

tput

https://github.com/xiahouzuoxin/zxlearn/blob/6589952c15ab6b8834d64b1e048373b573e193f5/transformer/transformer.py#L 26



https://github.com/xiahouzuoxin/zxlearn/blob/6589952c15ab6b8834d64b1e048373b573e193f5/transformer/transformer.py#L26
https://web.stanford.edu/~jurafsky/slp3/8.pdf

Self Attention In nanoGPT

https://github.com/karpathy/nanoGPT/blob/93a43d9a5¢c22450bbf06e78da2ch6eeef084b717/model.py#L29

class CausalSelfAttention(nn.Module):

def init_ (self, config):
super(). init ()
assert config.n_embd % config.n_head == 0@
# key, query, value projections for all heads, but in a batch

iself.c_attn = nn.Linear(config.n_embd, 3 * config.n_embd, bias=config.bias) i For projecting to QKV

{self.c proj = nn.Linear(config.n embd, config.n embd, bias=config.bias) __ !

# regularization

self.attn dropout = nn.Dropout(config.dropout) Output projectioq, exist in original Transformer for mappi.ng
self.resid_dropout = nn.Dropout{config.dropout) multi-head attention concat result to the same shape as input

self.n_head = config.n_head

self.n_embd = config.n_embd

self.dropout = config.dropout

# flash attention make GPU go brrrrr but support is only in PyTorch >= 2.0

self.flash = hasattr(torch.nn.functional, 'scaled dot product attention')

if not self.flash:
print ("WARNING: using slow attention. Flash Attention requires PyTorch >= 2.8")
# causal mask to ensure that attention is only applied to the left in the input sequence
self.register buffer(“bias", torch.tril(torch.ones(config.block size, config.block size))

.view(1l, 1, config.block size, config.block size))

def forward(self, x):

B, T, C = x.size() # batch size, sequence length, embedding dimensionality (n_embd)

# calculate query, key, values for all heads in batch and move head forward to be the batch dim

Multi-Head Attention

= q.view(B, T, self.n head, C // self.n_head).transpose(1, 2) # (B, nh, T, hs)
= v.view(B, T, self.n head, C // self.n head).transpose(1, 2) # (B, nh, T, hs)

_______________________________________________________________________________________________

# causal self-attention; Self-attend: (B, nh, T, hs) x (B, nh, hs, T) -> (B, nh, T, T)
if self.flash: Speed up attention calculation by Flash Attention, we may talk about it later

# efficient attention using Flash Attention CUDA kernels

y = torch.nn.functional.scaled dot product attention(q, k, v, attn_mask=None, dropout p=self.dropout if self.training else 0, is causal=True)
# manual implementation of attention

att = (q @ k.transpose(-2, -1)) * (1.0 / math.sqrt(k.size(-1)))

iatt = att.masked fill(self.bias[:,:,:T,:T] == @, float('-inf")) i Causal attention

_________________________________________________________________________

att = self.attn dropout(att) . Apply dropout on normalized attention weight

y =att@v # (B, nh, T, T) x (B, nh, T, hs) -> (B, nh, T, hs)
y = y.transpose(1, 2).contiguous().view(B, T, C) # re-assemble all head outputs side by side

# output projection
y = self.resid dropout(self.c proj(y))

return y


https://github.com/karpathy/nanoGPT/blob/93a43d9a5c22450bbf06e78da2cb6eeef084b717/model.py#L29

Revisit: why we need attention

Issues with RNNs/Seq2Seq:

- Temporal Dependency. They cannot be parallelized, which is
time-consuming.

- Vanishing Gradient over time. The influence of earlier time
steps diminishes as the time gap increases.
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Self-Attention Layer:

No sequential dependency. It is fully parallelizable and GPU-
friendly.

No global vanishing issues. Each query can interact with all keys
across the entire sequence via dot products.

Drawback: Lacks positional information.



Convert Raw Text to Self-Attention Inputs?
Tokenizer & Positional Encoding



Tokenizer

How to feed our raw texts to the self attention layer?

Language model reads tokens, not words.

Token count

142

# quick start
As the simplest example, we can reproduce the Wikipedia art

icle on BPE as follows:

from minbpe import BasicTokenizer

tokenizer = BasicTokenizer()

text = "aaabdaaabac"

tokenizer.train(text, 256 + 3) # 256 are the byte tokens, t
hen do 3 merges

print(tokenizer.encode(text))

# [258, 1@@, 258, 97, 99]

print(tokenizer.decode([258, 1006, 258, 97, 99]))

# aaabdaaabac

tokenizer.save("toy")

# writes two files: toy.model (for loading) and toy.vocab

(for viewing)

2, 4853, 1604, 198, 2385, 290, 63122, 4994, 11, 581, 665, 4
5472, 290, 26487, 5787, 402, 418, 3111, 472, 18183, 1402, 2
845, 1349, 65, 424, 1588, 21976, 53560, 1908, 10346, 4492, 3
14, 21976, 53560, 1234, 919, 314, 392, 3545, 378, 90964, 37
8, 359, 1092, 10346, 4492, 45043, 13414, 11, 220, 5788, 65

9, 220, 18, 8, 1869, 220, 5780, 553, 298, 9239, 20290, 11,

1815, 621, 220, 18, 176901, 198, 1598, 23460, 4492, 31812,

13414, 2210, 2, 723, 28320, 11, 220, 1353, 11, 220, 28320,

11, 220, 5170, 11, 220, 2058, 1592, 1598, 23460, 4492, 3061
9, 5194, 28320, 11, 220, 1353, 11, 220, 28320, 11, 220, 517
e, 11, 220, 2058, 24801, 2, 40260, 378, 90964, 378, 359, 19
8, 10346, 4492, 10017, 568, 189102, 1896, 2, 26475, 1920, 6
201, 25, 30427, 5212, 350, 1938, 14742, 8, 326, 30427, 552

@, 57008, 350, 1938, 26379, 8

https://tiktokenizer.vercel.app/?model=gpt-40

Raw text

Ve

Toklemizer

encode decode

VA §

Tokens

One of the most common tokenizer is BPE (Byte Pair
Encoding):

BPE iteratively merges the most frequent pairs of
symbols in a corpus to form subword units that
balance vocabulary size and text coverage.

Ref code:
https://qithub.com/karpathy/minbpe/blob/master/
minbpe/regex.py

A small BPE merge operator from
https://arxiv.orq/pdf/1508.07909

import re, collections

def get_stats(vocab) :
pairs = collections.defaultdict(int)
for word, freq in vocab.items() :
symbols = word.split()
for i in range(len(symbols)-1):
pairs[symbols[i].,symbols[i+1]] += freq
return pairs

def merge_vocab(pair, v_in):

v_out = {}

bigram = re.escape(' ' .join(pair))

p = re.compile(r' (?<!I\S)"' + bigram + r' (?I\S)")

for word in v_in:
w_out = p.sub('' . join(pair), word)
v_out|[w_out] = v_in[word]

return v_out

vocab = {'l ow </w>" : 5, 'lower </w>' : 2,
'mewest </w>":6, widest</w>":3}
num_merges = 10

for i in range (num_merges) :

Iter count the pair frequencies
i and merge

print (best)


https://github.com/karpathy/minbpe/blob/master/minbpe/regex.py
https://github.com/karpathy/minbpe/blob/master/minbpe/regex.py
https://arxiv.org/pdf/1508.07909
https://tiktokenizer.vercel.app/?model=gpt-4o

Positional Encoding

There’s different meaning of “love you” and “you love”, though it just swapped the position of the text.
Therefore, the order of the text is still important but not considered in self attention layer. How to solve this?
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[ Self Attention Layer
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Text Embedding: wte = nn.Embedding(config.vocab_size, config.n_embd)
Pos Embedding: wpe = nn.Embedding(config.block_size, config.n_embd)

Add Embeddings: a_i = wte(TextToken) + wpe(PositionalEncoding)

a_i = F.dropout(a_i)

[1, 0, O, O] Token [0, 0, O, 1] Token

-
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Positional Encoding

Reason 1. Adding in embedding equal to the concat on one-hot encoding, as below equation where W is the
embedding transform matrix

W . 33; = [WI, WP] . [[mi]T, [mp]T]T =W!.zt + WE . 2P = embed! erosi https://www.zhihu.com/question/485476372

Reason 2: There are also some models adopted concat, but it doubled the dimension of self-attention layer but little
improvement


https://www.zhihu.com/question/485476372

Sinusoidal Positional Encoding

Positional encoding by one-hot has 2 issues:
- One-hot encoding cannot scalable when the inference sequence length > training length
- One-hot encoding is orthogonal (IE3ZHY), model not able to learn the relative distances of token pairs

U

Sinusoidal Positional Encoding

Each position pos and dimension 2 is encoded as:

pos

100002/ dmodel ) PE_{pos+k} can be represented as a linear function of PE_pos,
pos which gives the possibility the model can learnt from it

100002/ dmtc

The encoding creates smooth, continuous patterns that let the Transformer model infer relative

P Epei = sin

PEpos,Zi 1 — COS (

and absolute positions in a sequence without recurrence.
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RoOPE - Rotary Position Embedding

7EiEZi@HY Sinusoidal Positional Encoding (PE) &, &E(12:
Tinput — TLtoken +P Epos
RPE#AEN.

o7E RoPE 1, FAIAIN, MEXEA token Y embedding (BHZ query fll key &) #f— ZHFE
EhEEE :

T2i41

RoPE(z, pos) = [ i ] JREFE — B Opos

E

1

Oposi = POS X 000

XM EEENTEHTEE:
z = . el

FESMEEPESETEARNAE, EBERRDAE (phase) “TiIASIEE

def apply rotary emb(x: torch.Tensor, freqs_cis: torch.Tensor) -»> torch.Tensor:
Applies rotary positional embeddings to the input tensor.

Args:

x (torch.Tensor): Input tensor with positional embeddings to be applied.

eS8 Thetaa] LAFRIHELF
Returns:

torch.Tensor: Tensor with rotary embeddings applied.

dtype = x.dtype
x = torch.view as complex(x.float().view(*x.shape[:-1], -1, 2))

freqs_cis = freqs_cis.view(1l, x.size(1l), 1, x.size(-1))

__________________

return y.to(dtype) ST L

ROPEARBEIL (VB EIENNZ embedding +, ME@id— hEitas
2 (rotation) , IBMERATERN"E attention BIITEA,

Constant XI2 \m
[T X3 L]

(X1, X2) —
v > (x'1, x'5)
Query / Key X 1 Xl Position Encoded Query / Key
m.
:2 Position
N\ Vel
Enhanced || [ T1 Ll [ J--- LI L]
Transformer [ [ [ | [ | oo LI
Rotary [TT] NN [ N W
position [ [ [ ] CIrrri---LLET]
Embedding [ ] +++ [0 6 0 I R W
i_ ______ (_D_t]é_r_y_TIZé_y““"i Position Position Encoded Query / Key
""""""" ("""'""‘I https://arxiv.org/pdf/2104.09864

iT&, RoPERFEXIQFIKHITHER:Encoding:

1. FAIRoPE i@id%d Q 1 K BUiEkE, 1LFE NS HET
B & ZERIRREL

2. BRVEHRBABER, FEEHHA

https://github.com/deepseek-ai/DeepSeek-V3/blob/9b4e9788e4a3a731f7567338ed15d3ec549ce03b/inference/model.py#L. 378



https://arxiv.org/pdf/2104.09864
https://github.com/deepseek-ai/DeepSeek-V3/blob/9b4e9788e4a3a731f7567338ed15d3ec549ce03b/inference/model.py#L378

How to build a model with self-attention layers?
That Is



Transformer Overview

Now, we have the Self Attention Layer, and we have our input texts are tokenized
and processed as embeddings. How to build a scalable model?

Output  iter1: 6
rovepifies 1ee Eiluiltli,
Seq: 12345 _Softmax_J B
e Assume DICT={0,1,2,3,4,5,6,7,8,9,0,S}, where S means SPACE
([ Add & Norm ]45\
Feled
Forwt 2 GPT: Decoder
~ 1 ~\ | Add 81 Norm Je~
> Add & Norm J Mult-Head
Feed Attention - GPT using the decoder structure, BERT
Rl ETevRer il 27 ) NX using the encoder structure
— (Add & Norm J< - Multi-head attention can be parallel
x| —(CAdd & Norm ) e execution, thus can be optimized when
%'tln"t’liid M:J[iri%a: resource enough, while the decoder
S S cannot be parallel execution because it
— )11\ — ) relies on the previous output words. It
Positional S & Positional means that the run time of GPT mainly
Encoding Encoding limited to the output length when
Emg‘g’g;mg En?bu;gg;[ng compute resource is enough
Y T - Output Linear (LMHead) may shared the
: parameters with the Embedding
Inputs Outputs ~ fterl:[START]
12345 (shifted right) frers: [eTART o7




Transformer - Resnet View

https://web.stanford.edu/~jurafsky/slp3/8.pdf
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Pre-norm is more stable and used on
most of the latest LLMs

N J

Vanilla Transformer Block
x11 = LayerNorm(z; + Sublayer(z;))
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self.transformer = nn.ModuleDict(dict(

wte = nn.Embedding(config.vocab_size, config.n_embd),

wpe = nn.Embedding(config.block_size, config.n_embd),

drop = nn.Dropout(config.dropout),

h = nn.Modulelist([Block(config) for _ in range(config.n_layer)]),

ln_f = LayerNorm(config.n_embd, bias=config.bias), |Pre-norm require a final norm for output

)
self.lm_head

# with weight tying when using torch.compile() some warnings get generated:

nn.Linear(config.n_embd, config.vocab_size, bias=False)

# "UserWarning: functional_call was passed multiple values for tied weights.
# This behavior is deprecated and will be an error in future versions™

# not 100% sure what this is, so far seems to be harmless. TODO investigate

self.transformer.wte.weight self.1lm_head.weight # https://paperswithcode.com/method

Transformer Block in Latest GPTs
z;11 = x; + Sublayer(LayerNorm(x;))

v class Block(nn.Module):

layer norm is not applied to an entire
transformer layer, but just to the embedding
vector of each token independent.

def __init__ (self, config):
super().__init__ ()

self.ln_1 = LayerNormdconfig.n_embd,ibias:config.bias)
L ——— 3

self.attn = CausalSelfAttention(configﬂ

self.1ln_2 = LayerNorm(config.n_embd, bias=config.bias)

self.mlp = MLP(config)

def forward(self, x):

X = x + self.attn(self.1ln_1(x))
X = x + self.mlp(self.ln 2(x)) Pre-norm and residual implementation
return x

https://github.com/karpathy/nanoGPT/blob/93a43d9a5c22450bbf06e78da2cb6eeef084b717/model.py#L. 126



https://web.stanford.edu/~jurafsky/slp3/8.pdf
https://github.com/karpathy/nanoGPT/blob/93a43d9a5c22450bbf06e78da2cb6eeef084b717/model.py#L126

Transformer — Feed Forward

https://web.stanford.edu/~jurafsky/slp3/8.pdf
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Transformer Block in Latest GPTs
z;11 = x; + Sublayer(LayerNorm(x;))

There are no non-linear transformer in attention
layers. You may say, softmax not non-linear op? But
softmax in attention is just for weight normalization, not
applied on Values directly.

FFN has the memory function. If we count the
parameters, FFN account for around 2/3 of the total
parameters of Transformer. For example, if model d =
512, then parameters of FFN=512*(512*4)*2, while
parameters of attention layer in Original GPT =
512*512*3

FFN output the Same
shape as the input

d=512
Linear &
Dropout Dropout is a common op in FFEN
d=512*4
GPT3 - GELU
d=512*4
It's common to make the hidden
Linear dim larger than model
dimension. Both the Vanilla
transformer and nanoGPT, are
dz5121 4x of input dim.

class MLP(nn.Module):

def __init__ (self, config):

super().__init_ ()

self.c_fc = nn.Linear(cgnfig.n_embd, 4 * config.n_embd, bias=config.bias)
self.gelu = nn.GELU()
self.c_proj = nn.Linear(4 * config.n_embd, config.n_embd, bias=config.bias)

nn.Dropout(config.dropout)

self.dropout

def forward(self, x):
x = self.c_fc(x)
x = self.gelu(x)
x = self.c_proj(x)
x = self.dropout(x)

return x

https://github.com/karpathy/nanoGPT/blob/93a43d9a5¢22450bbf06e78da2ch6eeef084b717/model.py#L78



https://web.stanford.edu/~jurafsky/slp3/8.pdf
https://github.com/karpathy/nanoGPT/blob/93a43d9a5c22450bbf06e78da2cb6eeef084b717/model.py#L78

BERT

BERT is the Encoder part of Transformer

KSP Mask LM Masﬁh LM \ @ MD Start/End Span\
& =
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BERT als = = = = nom ale = afuls = ’ BERT
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@m Tok N [SEP] m TokM E (TUKN][ [SEP] ](Tﬂlﬂ ] (TukM]
Masked Sentence A Masked Sentence B Question Paragraph
PN *
K Unlabeled Sentence A and B Pair / \K\ Question Answer Pair /
Pre-training Fine-Tuning

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
https://arxiv.org/abs/1810.04805

Key points of BERT:

1. Keep the same structure as Transformer’'s Encoder
2. Large text data size
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GPT

GPT is the Decoder part of Transformer
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Calculate GPT Model Size

GPT Block

Parameter Volume (ignored bias,norm etc)

Multi-Head Attention
Output Projection After Every Attention Layer
FFN

Embeddings
Output LM Head
Total

QKV together 3 * d"2
d"2

The most common case, assume expanding input dim by 4x in
FFN, 2 Linear layers together
2*(1*d) * (4*d) =8 *d"2

Text token embedding d * V, pos embedding d * L
Shared with embedding

Example:

GPT-3, d=12288, N=96, V=50K, L=1024

d — model dimension (embedding dim)
V — vocabulary size

L — block size (sequence length)

N — Number of transformer block layers

Model Size = 12 * 122882 * 96 + 12288 * (50K+1024) = 174573158400 ~ 175 Billion



How to learn when there're
Image/video/speech inputs?

U

Multimodal

Cross Attention Attention(Q, K, V') = softmax

Input Input
Single image Video
or
Image Image Image
patches patches patches
ifimage
Linear transform
if video
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Feedforward
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_

IMAGE ENCODER

Every 4th layer
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Image representation

Image patch
representation

Image patch
representation

Randomly initialized latents
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.........................................
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Where
Q: text embedding
K,V: multimodal embedding

Input
Speech segment

|
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< 3 Conformer block

Self-attention

Feedforward
network

Cross-attention

Conformer block

Speech adapter

I(_I

SPEECH ENCODER

Autoregressive
decoding
LANGUAGE MODEL
Vision and speech
encoder pre-training
Output Vision adapter training
Text token Language model

pre-training

Model fine tuning

H i Transformer block

. Speech adapter training

The Llama 3 Herd of Models: https://arxiv.org/pdf/2407.21783

Figure 28 lllustration of the compositional approach to adding multimodal capabilities to Llama 3 that we study in this paper. This
approach leads to a multimodal model that is trained in five stages: (1) language model pre-training, (2) multi-modal
encoder pre-training, (3) vision adapter training, (4) model finetuning, and (5) speech adapter training.


https://arxiv.org/pdf/2407.21783

LLM Optimizations



LORA

Easy way to fine-tune an LLM?
- Fine-tune on raw LLM parameters for downstream tasks is hard and cost inefficient
- Easy to over-fitting with small task-specific data set

h |

A TR
Pretrained
Weights

Low-Rank Adaptation, or LORA

- Freezes the pre trained model weights and
injects trainable rank decomposition matrices
into each layer of the Transformer architecture

- Greatly reducing the number of trainable

dxd
WeR parameters for downstream tasks

X | | Paper: https://arxiv.org/pdf/2106.09685

Update the model by equation h = Wyx + AWz = Wox + BAx Where WO is frozen when training

Only B and A is trained with a very small dimension r << d.
Computing complexity from O(d”2) to O(2dr), it reduce a lot when r << d.

def forward(self, x: torch.Tensor):
def T(w):
return w.transpose(®, 1) if self.fan_in_fan_out else w
if self.r > @ and not self.merged:

result = F.linear(x, T(self.weight), bias=self.bias)

result += (self.lora_dropout(x) @|self.lora_A.transpose(@, 1) @ self.lora_B.transpose(®, 1))| * self.scaling

return result
else:

return F.linear(x, T(self.weight), bias=self.bias)

https://github.com/microsoft/LoRA/blob/c4593f060e6a368d7bb5af5273b8e42810cdef90/loralib/layers.py#1L.149



https://arxiv.org/pdf/2106.09685
https://github.com/microsoft/LoRA/blob/c4593f060e6a368d7bb5af5273b8e42810cdef90/loralib/layers.py#L149

KV Cache

There are many redundant calculations for Keys and Values

during GPT inference. The computed K/V pairs can be cached
for generating the next token. This is essentially a space-time
tradeoff, as it reduces computation at the cost of higher memory

usage. KV Cache mainly used in decoder, as the encoder is
computed in parallel.
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https://cloudthrill.ca/kv_cache-explained

Peak cached memory =
BatchSize * (InputLen+OutputLen) *
EmbDim * Layers * 2 * sizeof(datatype)
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https://cloudthrill.ca/kv_cache-explained

KV Cache Optimize — Compression

Issue: KV Cache eat lots of memories, how to reduce the KV cache
memories while the LLM performance not drop a lot in inference?

llama2-

b internlm2- internlm2.5- qwe
) ) Cha't chat-7b i i chat-7b i ) 7b-
. dataset  version  metric kv fp16 !W 3 !(V4 kv fp16 'kv 8 'kv4 kv fp16 'kv 8 !(V4 fp1€
https://github.com/InternLM/Imdeploy/bl S | Int e | int e | it
md ShOWS that even keep Only 50% mmlu - naive_average  35.64 3558 3479 6391 64 6236  72.30 7227 7117 614
memory by INTS KV qu antization, LLM triviaga 2121ce  score 56.09 56.13  53.71 5873 587  58.18  65.09 64.87 6328 446
can still keep 98%+ performance gsm8k  1d7fe4  accuracy 282 2805 2737 7013 6975 6687 8567 8544 8378 549
8" 9a54b6  accuracy 4157 4178 4123 8893 8893 8893 9276 9283 9255 87.3
middle
L‘T;i 9a54b6  accuracy 3965 3977 4077 8533 8531 8462 90.51 9042 9042 825
Dynamic Sparsity Static Sparsity (Strided) Static Sparsity (Local) Static Sparsity w. Ho O
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Generative Inference of Large Language e — 1 _ _
Models reduced the KV cache memory by slcutdren | taughed | o NN o -zhr_z_selniu____J__-___'--- 51
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) I : - .- fesi]
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""""""""" oo 0.1 . Static Sparsity (Local) "",
~fe— Static Sparsity w. H;O
H2 O Query 0.2 504 =" Dynami}:: Sp:siw /1
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Memory Reduction (%)

Figure 1: Upper plots illustrate symbolic plots of an attention map deploying different KV cache policies in
LLM generation. Lower right: contrasts their accuracy-memory trade-off. Left: the overview of H,O framework.


https://github.com/InternLM/lmdeploy/blob/main/docs/en/quantization/kv_quant.md
https://github.com/InternLM/lmdeploy/blob/main/docs/en/quantization/kv_quant.md
https://github.com/InternLM/lmdeploy/blob/main/docs/en/quantization/kv_quant.md
https://arxiv.org/pdf/2306.14048
https://arxiv.org/pdf/2306.14048
https://arxiv.org/pdf/2306.14048

KV Cache Optimize - MHA/MQA/GQA

Multi-head Grouped-query Multi-query

Values

~Quebeiy wagg - @

(10000000 0OBO000D  DOonoonn

Figure 2: Overview of grouped-query method. Multi-head attention has H query, key, and value heads. Multi-query
attention shares single key and value heads across all query heads. Grouped-query attention instead shares single
key and value heads for each group of query heads, interpolating between multi-head and multi-query attention.

GQA:Training Generalized Multi-Query Transformer Models from Multi-Head Checkpoints. https://arxiv.org/pdf/2305.13245

Issue: KV Cache costs more memories when in multi-head attention (MHA) situation

d model

Multiple heads share the single Key | Eyreeen®

and Value. Given a pre-trained MHA d, |  Key Projection K dmodel

model, we can continue a small steps Mean Key Projection Kyq
Multi-query Attention (MQA) pre-training under the mean pooling ree

of all K/Vs structure. Then just need

to cached the pooled K/Vs when d,|  Key Projection K,

inference.
Performance worse

Split multi-heads to multiple groups,

Grouped-query Attention (GQA) 1 implement MAQ in each group


https://arxiv.org/pdf/2305.13245

Standard attention stores, reads,
and writes keys, queries, and values
in High Bandwidth Memory (HBM),

but HBM access is relatively slow.

FlashAttention significantly
accelerates attention computation
by reorganizing the operations to
minimize HBM reads and writes.
FlashAttention can be applied in
both training and inference stages.
And it's applied on almost all the
latest LLMs

Flash Attention

:19TB/s (20 MB)

HBM: 1.5 TB/s (40 GB)

:12.8 GB/s
(>1TB)
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FlashAttention: Fast and Memory-Efficient Exact Attention with 10-Awareness

Standard Attention Implementation

Memory
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e

Load S

—_

Write P

L —

Load P, V

—_

Write O

e

Compute P = softmax(s)
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Flash Attention

Memory
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—
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Write Oili"i
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Compute

Kernel operations fused
together, reducing
reads & writes

5=QK

m = rowmax of S

P = exp(s - m)

L = rowsum of P

m = max(m_, m)
calculate O from L & m

Initialize O, | and m matrices with zeroes. m and | are used to calculate
cumulative softmax. Divide Q, K, V into blocks (due to SRAM's memory limits)
and iterate over them, foriis row & j is column.

https://huqggingface.co/docs/text-generation-inference/en/conceptual/flash attention



https://huggingface.co/docs/text-generation-inference/en/conceptual/flash_attention
https://arxiv.org/abs/2205.14135

Paged Attention

Efficient Memory Management for Large Lanquage Model Serving with PagedAttention
https://github.com/vlim-project/viim EFPaged AttentionSCIRRILLMIEIES |22



https://arxiv.org/pdf/2309.06180
https://github.com/vllm-project/vllm

Deepseek — MoE & MLA
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Deepseek V3: https://arxiv.org/abs/2412.19437
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