LLM 101

—BAITRKIESEA

https://lim101.top

o}

—hRIEXZEIC

HENE N @ — /5 iR W D

2025.02.02


https://space.bilibili.com/3494351885830184?spm_id_from=333.1007.0.0
https://llm101.top/

LLM Pre-training and Beyond

* GPT-1 & GPT-2

* NLPH Bl Zx-fidya\: CoVe. ELMo. ULMFiT. . BERT
* GPT-1 && GPT-2: Transformer LM + Large scale pre-training ==> zero-shot

o ZWARsSIEk: PUizgpt-1/gpt-24CHE; JI128124M GPT-2 lim.c Modded-NanoGPT

* (Train-time Compute) Scaling Laws for LM, Empirically

* GPT-3 and Beyond

* ML ZJuE. ALE WS SREEE. s TR, SLMs ...
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https://github.com/karpathy/llm.c
https://github.com/KellerJordan/modded-nanogpt

(Train-time Compute) Scaling Laws for LM, Empirically

Scaling/Scale up: bigger #%! + bigger JIIZ:4E + longer YIIZkE 7] = better X 5
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Empirical(£5) laws

Empirical Scaling Laws: Xfscale upi#{74 56 =4k
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Train-time Compute Scaling Laws, empirically
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LLM reasoning
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vs Test-time compute scaling laws



(Train-time Compute) Scaling Laws for LM, Empirically

+ GPT-1(117M/0.1B) = GPT-2(1.5B) —seeiied s GPT-3(175B) ~$4.3M

Turing-NLG(17B)
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https://aiindex.stanford.edu/wp-content/uploads/2024/05/HAI_AI-Index-Report-2024.pdf

(Train-time Compute) Scaling Laws for LM, Empirically

+ GPT-1(117M/0.1B) = GPT-2(1.5B) —seeiied s GPT-3(175B) ~$4.3M

Turing-NLG(17B)

* Scaling Laws

LLM 101: —2 AT RKIEE A / Winter 2024


https://aiindex.stanford.edu/wp-content/uploads/2024/05/HAI_AI-Index-Report-2024.pdf

(Train-time Compute) Scaling Laws for LM, Empirically

* GPT-1(117M/0.1B) = GPT-2(1.5B) ————2""" _, GPT-3(175B) ~$4.3M

Turing-NLG(17B)

* Scaling Laws

= Anthropic
+ RLHF - 7
/% 2 | =

- And RL from human feedback
on top of language models,

~—_  which was the whole teason
| for scaling these modelSIUpAsssss
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https://aiindex.stanford.edu/wp-content/uploads/2024/05/HAI_AI-Index-Report-2024.pdf

Scaling

* Scaling/Scale up: bigger #%! + bigger JIIZx4 + longer VI ZxH][A] = better 24
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Scaling Laws Empirically

* Scaling/Scale up: bigger #%! + bigger JIIZx4 + longer VI ZxH][A] = better 24
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* Scientific(B}%) laws: BB E K412 C = 2nr

*  Empirical(&5) laws
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Scaling Laws Empirically

* Scaling/Scale up: bigger #%! + bigger JIIZx4 + longer VI ZxH][A] = better 24

o |aws: il AT /S2EG s g5 W Sk ) AR | /e
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* Scientific(B}%) laws: BB E K412 C = 2nr

*  Empirical(&5) laws

A

* Empirical Scaling Laws: Xfscale upi#iT4 56 =4k
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Scaling Laws

* Scaling/Scale up: bigger #%! + bigger JIIZx4 + longer VI ZxH][A] = better 24
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* Scientific(B}%) laws: BB E K412 C = 2nr

*  Empirical(&5) laws

* Empirical Scaling Laws: X}scale upi#4T4 56 =4k,

A

o TR [ HUA AR T A R

5‘\
S

Empirically

0.251

o FEAHPRFIHEEIFEFLOPS) T, a4 F 4Bl A Fl| 214

0.2

PR E T 015
SN\ -
0.05

0

LLM 101: —& AT RIEEHRA / Winter 2024

}
error
+ - points used for prediction
-=== predicted leaming curves
I} test error
#
4w oot
| f training error
2560 7680 15360

training set size, /


https://proceedings.neurips.cc/paper/1993/hash/1aa48fc4880bb0c9b8a3bf979d3b917e-Abstract.html

Scaling Laws Empirically

* Scaling/Scale up: bigger #%! + bigger JIIZx4 + longer VI ZxH][A] = better 24
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https://proceedings.neurips.cc/paper/1993/hash/1aa48fc4880bb0c9b8a3bf979d3b917e-Abstract.html

Scaling Laws Empirically

* Scaling/Scale up: bigger #:% + bigger JIIZ:4E + longer VI Z5:H} 7] =~ better R %

* Laws: @0 7/S2 56 5 45 K AR € At/ HE )

* Scientific(B}%) laws: BB E K412 C = 2nr

*  Empirical(&5) laws

* Empirical Scaling Laws: X}scale upi#4T4 56 =4k,
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* Scaling/Scale up: bigger f##!
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*  Empirical(&5) laws
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Scaling Laws
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Figure 1: Neural machine translation learning curves. Left: the learning curves for separate models

follow £(m) = amPs + ~. Right: composite learning curve of best-fit model at each data set size.
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Figure 2: Learning curve and model size results and trends for word language models.
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Empirically
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Figure 6: Sketch of power-law learning curves


https://arxiv.org/abs/1712.00409

Scaling Laws Empirically

* Scaling/Scale up: bigger #:% + bigger JIIZ:4E + longer VI Z5:H} 7] =~ better R %

* Laws: B LI 7T /506 e a5 H Sk B AR/ e e /v )

pili

* Scientific(£}2%) laws: [& ] E K445 C = 2nr

*  Empirical(&5) laws

* Empirical Scaling Laws: X}scale upi#4T4 56 =4k,

Scaling Laws for Neural Language Models
DEEP LEARNING SCALING IS PREDICTABLE, EMPIRICALLY

Scaling Laws for Reward Model Overoptimization
SCALING LAWS FOR FINE-GRAINED

MIXTURE OF EXPERTS Scaling Laws for Linear Complexity Language Models

Scaling Laws For Dense Retrieval Are More LM Calls All You Need?

Towards the Scaling Properties of Compound Al Systems
SCALING LAWS FOR PREDICTING DOWNSTREAM

PERFORMANCE IN LLMSs Scaling Scaling Laws with Board Games
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(Train-time Compute) Scaling Laws Empirically

* Scaling/Scale up: bigger #%! + bigger JllZx%E + longer Il ZkH 7] = better X R

o Laws: EIIHF T /S2EG M a5 W Sk 1 B R/ 58 a3/ v |

* Scientific(B}5%) laws: [& Y,
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ity

*  Empirical(Z5) laws
* Empirical Scaling Laws: Xfscale upi#iT4 56 =4k,
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* Train-time Compute Scaling Laws, empirically

vs Test-time compute scaling laws

LLM reasoning
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(Train-time) Scaling Laws for LM, Empirically

* Kaplan Scaling Laws Scaling Laws for Neural Language Models

* Chinchilla Scaling Laws Training Compute-Optimal Large Language Models
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https://arxiv.org/abs/2001.08361
https://arxiv.org/pdf/2203.15556

Kaplan Scaling Laws
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Big models may be more important than big data
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Kaplan Scaling Laws
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GPT ¥ &

X4, BAM4SEI T Transformer Encoder F—ERISE& (MHSA + FFNN + 2 * LayerNorm):

4d?

mode

L 82 e+ 5dmodet + 2+ 2dmode

mode

— 12d$nodel + 9dmoalel

B+, BILA1SEI Transformer Decoder f—ERISEE (2*MHSA + FFNN + 3 * LayerNorm):

2 4d$nodel + 8d72nodel + 5model + 3 + 2dmodel

= 16d?nodel + 11d,,,0de1

N ZE 6 & Encoder + 6 |& Decoder By Transformer 188!, REE X6 F1TT, s
Embedding B8V d,,.0del
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https://zhuanlan.zhihu.com/p/661804092

GPT ¥ &

X4, BAM4SEI T Transformer Encoder F—ERISE& (MHSA + FFNN + 2 * LayerNorm):

4d$nodel + 8d72nodel + 5dm0d€l +2- 2dmodel

= 12d?

mode

l + 9dmoder

B+, BILA1SEI Transformer Decoder f—ERISEE (2*MHSA + FFNN + 3 * LayerNorm):

2 4d72nodel + 8d72nodel + 5model + 3 + 2dmodel

— 16d?

mode

) + lldmodel

N ZE 6 & Encoder + 6 |& Decoder By Transformer 188!, REE X6 F1TT, s
Embedding B8V d,,.0del

We use N to denote the model size, which we define as the number of pon-embedding parameters

N ~ 2dmodelnlayer (Zdattn + dff)
with the standard  duin = dg/4 = dmodel

— ]-2nla,yerd2

model
Operation Parameters
Embed (nvocab + nctx) dmodel
Attention: QKV nlayerdmodel'?’dattn
Attention: Mask —
Attention: Project Nlayerdattn@model
Feedforward Nlayer20model A
De-embed —

Total (Non-Embedding)

N = 2dmodelnlayer (2dattn + dff)
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https://zhuanlan.zhihu.com/p/661804092

GPT FLOPs per token

* FLOPs: floating point operations

* FLOPS: floating point operations per second

e K:103. M:10° G:10%, T: 1012 p: 1071°

Operation Parameters FLOPs per Token

Embed (nvocab + nctx) dmodel 4dmodel

Attention: QKV Nayer @model 3attn 2N1ayerdmodel 3dattn

Attention: Mask — 2N)ayerNetxattn

Attention: Project Nayer@attn Tmodel 2N)ayerdattn dembd

Feedforward N]ayer 2dmodel dff 2nlayer2dmodeldff

De-embed — 2d modelMvocab

Total (NOH-Embedding) N = deodelnlayer (Zdattn + dff) C'forward = 2N + 277/1ayer'n/ctxda,ttn

Table 1 Parameter counts and compute (forward pass) estimates for a Transformer model. Sub-leading

terms such as nonlinearities, biases, and layer normalization are omitted.

LLM 101: —2 AT RKIEE A / Winter 2024

FLOPs (floating point operations)EX . N ZFmEkZEl—K
%/ 3% iR BRERL FLOP

% H] d = } d —TMRERNEEEER), 8SdIRFREE, FIFLOPs=d

d - A EELEERRI, @ESFR(dot product)itE
X - BEARZ S HTEND(FEJ-1)RBZSE%E, FELFLOPs=2d
%—J | )
d
N [ d = m AANMERANDFIR(m, d), (d,n), EHEREHESSM X n)
X désmE S, FEEFLOPs=mn2d = 2mdn
] [ —
—
d N — "
n (m) n)
(m, d) (d, n)

>


https://rcn07hl4629u.feishu.cn/docx/H6eRdU6mMobey9xMt0ZcwVFcnkf
https://colab.research.google.com/drive/1IxpajEyIE3Al0moTt7GIXu6jBIIYTQpN

GPT FLOPs per token

Operation Parameters FLOPs per Token
Embed (nvocab + nctx) dmodel -mmodel forward pass
Attenti()n: QKV nlayerdmodelgdattn 2nlayerdmodel3dattn @
wRY = 2

Attention: Mask — 2N)ayerNetxdattn (m,n)@(n, p) => (m, p), FLOPs = 2mnp
Attention: PI'OjCCt nlayerdattndmodel 2nlayerda,ttndembd z{ERN T—EHIE X
Feedforward Nayer 2dmodel dff 2N)ayer 2dmodel dft backward pass
De-embed o 2dmodelMvocab 5 5

Aw = 5 Bw (m,p)Q(n,p) => (m,n), FLOPs = 2mpn
Total (NOH'Embeddlng) N = 2dmodelnlayer (Zdattn + dff ) C'forwaurd = 2N + 2'nflauyernctxdaﬂ:tn 5L 8L &

By 3; = (m,p)@(m,n) => (n,p), FLOPs = 2mpn

Table 1 Parameter counts and compute (forward pass) estimates for a Transformer model. Sub-leadin;

. .. . . . . i‘l‘%?—ﬁ%ﬁ?i‘l‘%?-@(backward pass)BJAw
terms such as nonlinearities, biases, and layer normalization are omitted.

Non-embedding
N ~ 12n4,0rd3 C = 6N

model
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Kaplan Scaling Laws

° NE%) L—Eﬁ'ignlayer\ head\ dff

* GPT shape /M4 FHE

10%
—>— Nhead = 8 —e— 50M Params —8— Omodel = 256

8% drmodel/Nhead = 64 , - 274M Params drmodel = 512
8 _ —+— 1.5B Params , —¥— dmodel = 1024
g 6% 7 A wide range of architectures /
o N achieve similar performance 4 .
£ 4% - I 22% additional compute
a compensates for 1% loss increase
S 2% ‘

Feed- i ‘model) . Attenti i i model / nhead)
‘ 50M Parameters Aspect Ratio (dmodel / Niayer) | 25M Parameters

Figure S Performance depends very mildly on model shape when the total number of non-embedding
parameters /V is held fixed. The loss varies only a few percent over a wide range of shapes. Small differences
in parameter counts are compensated for by using the fit to L(/V) as a baseline. Aspect ratio in particular can
vary by a factor of 40 while only slightly impacting performance; an (71ayer, @model) = (6,4288) reaches a
loss within 3% of the (48, 1600) model used in [RWC™19].
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e N.~88x10%3

$%ECE Loss: L(N)

(hon-embedding)

Kaplan Scaling Laws

( )N

| N

—e— (O Layer
—e— 1 Layer

Test Loss

—e— 2 Layers
31 —— 3 Layers
6 Layers
> 6 Layers

108 107
Parameters (with embedding)

108

100

Test Loss

| —— 1 Layer

—e— 2 Layers

| —— 3 Layers

6 Layers

> 6 Layers

\

108 10%

105 106 107 108 109
Parameters (non-embedding) |Og

Figure 6 Left: When we include embedding parameters, performance appears to depend strongly on the
number of layers in addition to the number of parameters. Right: When we exclude embedding parameters,
the performance of models with different depths converge to a single trend. Only models with fewer than 2
layers or with extreme depth-to-width ratios deviate significantly from the trend.

LLM 101: —2 AT RKIEE A / Winter 2024


https://github.com/karpathy/llm.c

* GPT vs LSTM

Kaplan Scaling Laws

log

Transformers asymptotically outperform LSTMs
due to improved use of long contexts

Test Loss 5.4

4.8 1

4.2 LSTMs

3.6
1 Layer
2 Layers

3.0 Transformers 4 Layers

2.4

105 106 107 108 10°
Parameters (non-embedding)
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LSTM plateaus after <100 tokens
Transformer improves through the whole context

Per-token
Test Loss 6 .

e Parameters:
400K
400K

S - 2M
3M

3 | 200M
300M

2 ' LS R | ' bl N ' L N » ' N ‘ LS LR B ET |

10 102 108

Token Index in Context


https://github.com/karpathy/llm.c

Kaplan Scaling Laws

» . e D
o I ZREE R /NFIMREECE Loss: L(D) ~ (EC)“D

® C(DNOO()S (75_ | .

3.9
n °

0 3.6 1

® D.~54%10'3 (okens) 34
8.

o FHEEMMKECE Loss 2o

2 T T 2.7 T

5.6 —_— L = (N/8.8 g 1013)—0.076

4.8

—— L=i(D]f5.4~ 11072 %022

4.0

B 1

2.4 1

min i0-® 107 105 1073 10-! 10!

L(Cmin) — (Ccr.:nin/cmin)ac Compute

PF-days, non-embedding

108 109 10° 107 109
. ~ 22.9B(2.29e10)
Dataset Size Parameters
tokens non-embedding

Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset

oZ™ ~ 0.050, C™™ ~ 3.1 x 10® (PF-days)

size, and amount of computei used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not

bottlenecked by the other two.

C ~6NBS
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/N\a» D. ]
<D
L(N,D) — ~< | c
N D
Parameter N ap N, D,
Value 0.076 | 0.103 | 6.4 x 1013 | 1.8 x 103

Table 2 Fits to L(N, D)

D NO'74_

Kaplan Scaling Laws

Data Size Bottleneck Overtfitting
o 0.5
4.5 ;s': ........ L
LTFE OO YO e.... | DataSize 0.4 Data Size
4.0 e e 21M — e 2IM
% ,l'.‘::.:."._: ....................... . ................................ . 43M I . 43M
3 35 . ............ : ......... @ ceennn. o...... 9. ® 86M ’é‘ 0.31 ® 86M
- g ----- @, @ oo e 172M Il e 172M
7 EL TR S L TR ® 344M Q ¢ 3M
> S Q0.2
= 3.0 g o0 ® 688M | e 688M
....... & 9. e 14B ~ e 1.4B
22.0B 0.1 22.0B
2.5
e — — — 0.0 e — ——— 7 —— T .
108 107 108 10° 1074 1073 1072 107!

Params (non-embed) Nawv/ao/p

Figure 9 The early-stopped test loss L(NV, D) depends predictably on the dataset size D and model size N
according to Equation (1.5). Left: For large D, performance is a straight power law in /V. For a smaller fixed
D, performance stops improving as /N increases and the model begins to overfit. (The reverse is also true,

see Figure 4.) Right: The extent of overfitting depends predominantly on the ratio N D /D, as predicted in
equation (4.3). The line is our fit to that equation.
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* Critical batch size

\/‘f‘w Minimum

Less noise, larger steps

Start ® More noise, smaller steps
simple — |G|2 ? Smin Emin
Emin
Bcri L) =
t( ) Smin
B,
Bcrit(L) ~ Ll/aB

LLM 101

Kaplan Scaling Laws

Compute-Efficient Value Power Law | Scale

Nopt = N, - CPY py =0.73 | N, =1.3- 10" params
B € Bait = 7155 = B.ChS, | pp =024 | B, =2.0-10° tokens
Smin = Se - C?5_ (lower bound) | ps =0.03 | S, =5.4-10° steps
Dopy = De - CP2 (1 epoch) pp =027 | D, =2-10' tokens

AT TRIESEA / Winter 2024



https://arxiv.org/pdf/1812.06162

Chinchilla Scaling Laws

o
- o
| ]
=y ’
b
A

o *ﬁéﬁﬁd\%ﬂi}”éﬁééﬁd\ﬁ%

limly

Nopt(C)) Dopt(C) — argmln L(N’ D)
N,D s.t. FLOPs(N,D)=C L& I R B35 5k

NAIC#( ) & embedding

—— Approach 1
—— Approach 2
" — Approach 3
E) --- Kaplan et al (2020)
a)
% Y¢ Chinchilla (70B)
,‘I’ Y Gopher (280B)
% GPT-3(175B)
Y Megatron-Turing NLG (530B)

/7
1017 1019 1021 1023 1025
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Chinchilla Scaling Laws

* J7i%£1: Fix model sizes and vary number of training tokens

-10B

-2.5B

-500M
-250M

-75M

®

1017 1018 1019 1020 1021 1022
FLOPS

1T .
1012
1OOB(WB
% 101 e/
2 8 gort!
v 10B oo’ o
= ol < ¥
© - 2 /
g - i 10 S
1.0B .
o '/ - o ¢
% v
100M  #Fe 10°
1017 1019 1021 1023 1025 1017 1019 1021 1023
FLOPs FLOPs
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NOI;t o« C* and DOpt 0. Cb

a=b=0.5
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Chinchilla Scaling Laws

10T
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1.4T
1T
100B 35
» 100B e
10B 5 P
° S ®
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7742 Fix FLOPs and vary model size (IsoFLOP profiles)

Nol;t oc C* and Dy CP

a=0.49
b=0.51
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» \)

* J77£3: Fitting a parametric loss function

L“(ND)AE+A+B
77 7 N« DP

| | YRR
A,EE,I;,,B Z Huberg(log L(N;, D;) — log Li) FLOPs(N, D) ~ 6ND

Runs i

~[c)° . _qfaY [aA T B o«
Nopt(C)—G(g) , Dopt(C) =G (5) , Where G-= (,BB) , a= S and b = v
a=0.46
b=0.55
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Chinchilla Scaling Laws

4
N

T4

* J7¥%£1: Fix model sizes and vary number of training tokens

4
N

T4

* J71:2: Fix FLOPs and vary model size (IsoFLOP profiles)

* J77£3: Fitting a parametric loss function

Approach Coeff. a where N,,; « C* Coeff. b where D, o C
1. Minimum over training curves 0.50 (0.488,0.502) 0.50 (0.501,0.512)
2. IsoFLOP profiles 0.49 (0.462,0.534) 0.51 (0.483,0.529)
3. Parametric modelling of the loss 0.46 (0.454,0.455) 0.54 (0.542,0.543)
Kaplan et al. (2020) 0.73 0.27
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Scaling Laws

* Scaling Laws is everywhere

* % &Vocab size. data repeat. data complexity. new model arch ...
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https://colab.research.google.com/drive/1uOUO-zqEpTmPJkeVfzZZzi8zCo94nGAM

