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Reading a transformer as a cost model
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DeepSeek-V3 Technical Report, architecture sections - arXiv:2412.19437
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Quick overview

Unfinished business. Codesign, then the live fit: five Shakespeare models against one law.

Finishing up Tuesday's content

Anatomy. Where eight billion parameters live, counted by hand.

Llama 3 8B from its config file

The cache. Why context length is a memory price.
RoPE, MQA, GQA, MLA as techniques for memory management

Mixture Experts. Models that are made up of 671B parameters and run 37B.

routing, load balance, and what the FLOP count hides

A showdown. Two spec sheets.

Which serves cheaper?



. CODESIGN
Codesign



What d B“dg@t Buys @ Google DeepMind

{ as measured; imagine why? }

1,000 H100s x 30 days x|40% MFU?

MFU is model FLOPs utilization: the fraction of the chips’ peak rate the run actually reaches.

C ~ 1.0 x 10** FLOPs

N*=4/C/120~ 93B  D* ~ 1.9T

Chinchilla

Overtraining then says: build it smaller, train it longer.

at $2 per GPU-hour, this month of cluster time is about $1.4M, before any inference cost



One Currency

loss

more compute

better data,

better architecture
—~———_

training compute C

Measure the shift, but chart its significance in FLOPs.



L
Let’s Play



The Ladder

run layers width N D
pico 2 32 27k 82M
nano 2 64 103k 82M
micro 4 128 797k 82M
mini 6 256 4.7M 82M
base 6 384 10.6M 82M
your prediction mini: base:

Fit the three smallest. Predict mini and base.



The Fit

best validation loss (nats/char)
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What Just Happened?

best validation loss (nats/char)
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micro (797k)

predicted (x) vs actual (o):

the fit misses high, both times
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The fit assumed unlimited data.

base sits at 7.7 tokens per parameter,
on epoch 80.

Chinchilla’s ratio says base wanted
210M fresh tokens. Shakespeare has
one million characters.



The Frontier

validation loss (nats/char)
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the compute frontier:
best loss any size reaches at that budget

your budget line:
the envelope names the model

base (10.7M)

mini (4.7M)

micro (7'97k)
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training compute C~6ND (FLOPs)



. ANATOMY
Anatomy



The Decoder Block

E——
[
i
K 4096 4096 4096 |
token ids — Embedding ]—> decoder block — | RMSNorm > LM head | » p(next token)
128256 x 4096 4096 x 128256
X 32
inside one decoder block
Wo, Wo: 4096x4096
I":{';g.‘-ﬂ e I’"’”u[:s V["yd()wn : 4096x14336

Wk, Wy @ 4096x1024

Attention —— RMSNorm SwiGLU MLP —»@

Y

Y

RMSNorm




Embedding and Head

"To be or not" —>‘ To _be -or | _not I
2514 387 477 539
tokenizer: text to ids, vocabulary of 128,256 J
id 387 selects row 387
L:l—>_
x, 4096 numbers
LM head
>
h, 4096 4096 x 128256 $ P T oo
198956 x 4096 softmax: one probability per vocabulary entry, 128,256 bars
a lookup: no arithmetic, the id picks a row
RMSN = = [R4098 is learned: one scale per channel, a norm's onl
orm(r) = ———— @ g, g€ g : P . y
2

parameters



Queries, Keys, Values

weighted sum

i,‘j — Vi"vy ;]:J- {oy V4
kj =Wk x; k1 l k3
3 . 3 softmax(gq - k;):
0.06 iy, BT MR 0.13 TR 0.10 ¥ attention weights
L1 | €2 | 3 I
The cat sat

attention: g asks, k addresses, v carries, Wp writes back

back to 4096

!

Wdown

SiLU
gate

one token, 4096

the MLP: each position alone; no other token is read

same kind of object, seven learned matrices; attention’s four move information between positions, the MLP’s three transform each position



Counting by Area

E——
attention

Wo Wi Wy Wo
©
S = 41.9M
<+

4096 1024 1024 4096

16.8M 4.2M 4.2M 16.8M

count = rows x columns = area

SwiGLU MLP

Wgate WLIIJ Wdown
©
3 = 176.2M
<H
4096 x 14336 4096 x 14336 14336 x 4096
58.7TM 58.7TM 58.7TM

W= I"I'!rluwu ( SiLIJ(I"Vg;U(\ .I‘) ®© "1"7\an x )

In the 2017 transformer all four attention matrices are square. Llama narrows Wx, Wy by sharing kv heads.



The Shape Table

["hidden size": 4096, |

WQ WO e R4096X4096 WK WV e R4096X1024
, ?

"intermediate size": 14336, attention =  2(4096°)  + 2(4096-1024) = 41.9M

W Y
two square: Wo, Wo two narrow: Wy, Wy

"num hidden layers": 32,
= 2d? +2d (nkv dhead) with d = 4096, Ny, = 8, dpeaq = 128

"num attention heads": 32, |

4096x14336
Wgatea Wupa Wdawn e R

i"num_key_value_heads": 82’ MLP = \é/ (4096 - 14336) = 176.2M

—

three matrices

"vocab size": 128256,
= 3ddff with dff = 14336

"rope theta": 500000.0
one block = 218.1M, and the MLP is 81% of it

(N config.json, meta-llama/Llama-3.1-8B



Eight Billion

32 x 218.1M = 6.98B
g SR
L blocks one block

embedding + head = 2 x (128256 - 4096) = 1.05B
~ N N
two separate tables |%4 d

6.98B + 1.05B + 0.3M = 8.03B
N

norms

norms: 65 RMSNorm scale vectors (2 per block + 1 final), each length 4096

8.03B, from seven numbers in a config file.

the same recipe on A1 base gives 10.7M; Part 1 asks you to check it



The Attention Term

Tuesday’s C =~ 6 ND counted only the weights.

forward FLOPs per token

attention, per layer per token: 2T d + 2Td =4Td

1071

1010

109 .

read T cached keys  blend T values

forward FLOPs per token = 2N +4LdT
N~ e

weights attention

weight FLOPs 2N

1 o a8 T* =N/(2Ld)~ 31K

1K 4K 16K 64K 128K
context length T (tokens)



. THE CACHE
The Cache



The Decode Step

3 4 9 6

//f//j

K K K K

cached

\Y V \Y V

read every step

v

grows with T

per new token: compute ¢, k, v; once; read every cached K,V

dt

™
\




The Price of Context

KV cache per sequence (GB)

100 A

=

KV bytes per token = \2/ - L - ngy - dhead \2/

one H100 (80 GB)

1K

T | PSR ery o R NARTI TR Aoy Ty G B S
S contig.json; 1p 1o cacne

4K 16K 64K 128K
context length (tokens)



. ATTENTION
Attention Variants



RoPE

g, — p—24/4
By > 61 > 05

fast

m=3

40,

—

pair i =0

m=T7

g = =2U

pair i =1

By = 15°

the angle between positions m and n is (m — n) 0;:

q2i
d2; 11

g, k, depends on the offset m — n only.

cos mb;
sin m#b;

1 Transformer with Rotary Position Embedding,” arXi

—sin m91-
cos mb;

\EUV L

slow

A 3

pair ¢ = 2

(2021) | lama 2 <ets b
Uzl). LIdImd 5

Vg — o

the same for every absolute shift

9?: — bei/d




Q

Sharing Keys

Multi-head Grouped-query Multi-query
Values
Keys
s Sl ol b o e il ke = e | P
one group
kv heads cache per token

multi-head 32 512 KB
grouped-query 8 128 KB
multi-query 1 16 KB

Converting a trained MHA model costs about 5% of its pretraining compute.

Ainslie et al., "GQA: Training Generalized Multi-Query Transformer Models from Multi-Head Checkpoints," EMNLP 2023, arXiv:2305.13245, Figure 2. Shazeer, "Fast Transformer Decoding,"
arXiv:1911.02150 (2019). Cache column at Llama-3-8B shapes, fp16.



The Latent Cache

N Cached During Inference
Multi-Head Attention (MHA) ! Grouped-Query Attention (GQA) ! Multi-Query Attention (MQA) ! Multi-Head Latent Attention (MLA)
| i

I
NNSNNRNRR ! N N R R l \ 'AARARARARA R
§§§§§§§§ § § § § 1 § HIRIR R ER RN 3
NNNNNNNN ! N D % N | N rjuyduuyuy projection
£ BB oa b B i R 1 : . : 1 : | = i N
N S A NN & SN N N N N N . s N
«NNNNNNRN ) N N N N | § ' \
N N R N | N N N 1 B EE BN e
S b § S % & S % I % S k & I " I L - L) L L o L . ComprESSEd
I :,: :_: :.: '._.‘ -.'.. I '*‘ ...... ) :.'.f-'.-.-......:. ...... I [aternt iV
| [ OO0 N0M0NAMAT
Queries | | I
I I L 5 U5 o I 6 B 6 Ny
1 1 1
cache per token per layer = 512 + 64  values
A~ A~

latent cxyv RoPE key

61 layers = 69 KB per token, on a 671B model.



. EXPERTS
Experts



Where Parameters Live ® 0

the FFN is ~70-80% of a modern dense model

Al base 66% 10.7M
GPT-2 46% 124M
Llama-3-8B 70% 8.0B

Llama-3-70B 80% 70.6B

0% 25% 50% 75% 100%
share of parameters

~mniifad fram earh model'ce cFanfina ican® A1 hace (Accinnmant 1 - lahacal CGDPT.Y 129AM (RaAdfAar at 3|l 2010 ama-2 1-2R and 70F ~rattafiori et al r¥iv 2407 217R2)
Computed from each model's config.json: A1 base (Assignment 1 codebase), GPT-2 124M (Radford et al. 2019), Llama-3.1-8B and 70B (Grattafiori et al., arXiv:2407.21783).



Routing

8 experts per layer

El E2 E3 E4
176M 176M 176M 176M
—| Attention »| router é >
iy
top-2 of 8 [
E5 E6 E7 ES
176M 176M 176M 176M

per token: 2 of 8 run

Yy = Z gi(z) Ei(x)

1 € top-2

Shazeer et al., "Outrageously Large Neural Networks," arXiv:1701.06538 (2017). Fedus et al., "Switch Transformers," arXiv:2101.03961 (2021). Jiang et al., "Mixtral of Experts,"
arXiv:2401.04088 (2024). Shapes: Mixtral 8x7B.



Keeping Experts Busy Bl

0.0 layer: 0
e O P T S BN~ =W — > Busy experts get more gradient and get
0.05 -u - - . busier. Left alone, routing collapses.
o |
o
.‘g 020 layer: 15 E
8— 0.15
S 0.10 ﬁbal:aEZfilgi
é 0.05 i=1
L.j 0
Q
! 2;: The figure is Mixtral trained with this loss on:
0.10 selection hugs the dashed 1/8 line.
0.05
0
0 1 2 3 4 5 6 7 DeepSeek-V3 drops the loss: a per-expert
Expert ID

bias nudges routing instead.

. ArXiv

. DM Mathematics . Gutenberg - PubMed Abstracts . Wikipedia (en)

- Github . PhilPapers

. StackExchange

Jiang et al., "Mixtral of Experts," arXiv:2401.04088 (2024). Loss form: Fedus et al., arXiv:2101.03961, Eq. 4. Wang et al., "Auxiliary-Loss-Free Load Balancing," arXiv:2408.15664; DeepSeek-V3,
arXiv:2412.19437.



Three Generations

year routing total active
G switch-C 2021 top-1 of 2048 1.57T 1.4B
L' Mixtral 8x7B 2023 top-2 of 8 46.7B 12.9B
& DeepSeek-V3 2024 top-8 of 256, +1 shared 671B 37B

_1.2'

—-1.34

-1.44

Neg Log Perplexity
[
(o))

-1.81

/

Training Time

Total parameters set the memory. Active parameters set the speed.

active = attention + embeddings + the experts one token actually visits

.-' X Speedup
y I B
— Switch-Base: 128e
Switch-Base: 64e
Switch-Base: 32e
- T5-Base
50 100 150 200 250 300 350



DeepSeek-V3

DeepSeekMoE

[OOOO OOOO] [:] Routed Expert
Output Hidden h; Shared Expert

-

I
I
I
Transformer Block x L 1
I
I
]

i Feed-Forward Network ’i: E 61 Iayers -d="T168

| I Tl i

i RMSNorm L i MLA: 576 cached values per layer
i i : (OOOO -~ OOQQ) Input Hidden u, |

: 4 | Wi Heod Latent Attention (MLA) 7T 256 routed + 1 shared expert, top-8
i ) i_ - ,r Cached During Inference l

: Attention ]\'\I\ Qutput Hidden “t[OOOO OOOO] o

| l 5 y—— FP8 training

| : Y [ Multi-Head Attention ]

| RMSNorm ]: 1

14.8T tokens

2.79M H800-hours for the full run

NNENN

OO OO Latent c? Latent cffv

Input Hidden h, [OOOO OOOO_]




Constant State

L]
Inference throughput on A100 80GB (prompt length 2048)
s Mamba 1.4B i "
attention state space [/ recurrent s mw Transformer 1.3B
S _': 1500 4 === Mamba 6.9B T
//—\ @ === Transformer 6.7B
T )
// / % 1089
OO0000 ] N 2 v
-
l Q Q Q Q Q L @ 2 -
=
[l —L L —{] 5
© 500 i ) =
s 364 ELT
- N =
state o« T state = const

Batch size

dlI2l Jamba interleaves one attention layer per seven Mamba layers.

Gu and Dao, "Mamba: Linear-Time Sequence Modeling with Selective State Spaces," arXiv:2312.00752 (2023). Lieber et al., "Jamba: A Hybrid Transformer-Mamba Language Model,"
arXiv:2403.19887 (2024).



. SHOWDOWN
Showdown



Spec Sheets

Card A - % Qwen2.5-14B Card B - & Mixtral 8x7B

dense, 14.7B MoE, 46.7B total

48 layers, GQA 8 kv heads 32 layers, top-2 of 8, GQA 8 kv heads
active per token: 14.7B active per token: 12.9B

fplée weights: 29 GB fple weights: 93 GB

Same FLOPs per token. Which decodes cheaper?

batch 1 batch 64

your prediction A/ B/tie A/B/tie



The Reveal

i
|
near tie at B=1: }
30 N\ MoE 26.3 vs dense 30.2 GB !
c |
v dense amortizes; the batch |
9 touches every expert |
s (dense 1.26 vs MoE 2.00 GB) 1
9 10 |
E |
] _ I
c Mixtral 8x7:B

A (46.7B totall, 12.9B active)
@ :
o 3 4 1
o I
© Qwen2.5-14B dense I
g (14.7B active) |
m I
G) |
1- |
|

KV floors: MoE cheaper again past B=238
i 2 4 8 16 I 04 128 256

batch size B (concurrent sequences)



Reading

Required. DeepSeek-V3 Technical Report, architecture sections. Ainslie et al., GQA.
Optional. Shazeer 2019 - Switch 2021 - RoPE 2021 - Mamba 2023 - Mixtral 2024

Assignment 1 is out: build the block we counted today.

the causality test catches the classic mask bugs; Part 3 is the live fit you saw

Tuesday: Mark. Thursday: Evaluation, and Assignment 2.

bring one benchmark you trust and one reason to distrust it



