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Abstract

e Problem
o We need to run LLM model K times to get K tokens.
e Proposed method
o Speculative decode
o This enables us to run multiple token decode in parallel.
o This can be applied to any model without any modification.
e Result
o They achieved 2-3 times speed up.
o After applied this method, the result token distribution exactly
matches with the original one.



2. Speculative Decoding




2.1. Overview
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2.2. Standardized Sampling
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2.3 Speculative Sampling

Algorithm 1 SpeculativeDecodingStep

e e We can predict tokens from Mp

> Sample v guesses x ~ from M, autoregressively. -
Felenl using tokens from Mq exactly!!!
¢i(z) — My(prefiz + [z1,...,Zi—1])
z; ~ ()
end for
> Run M), in parallel.
p1(z); -, Py+1(Z) ¢
M, (prefiz),...,My(prefiz + [z1,...,2,4])
> Determine the number of accepted guesses 7.
Py el (05 1) 00, e U0, 1)
nemn{i—-1|1<i<y,nr> %} u{v})
> Adjust the distribution from M, if needed.
P'(z) < pnt1(2)
if n <~y then
p'(z) + norm(maz(0, pp+1(z) — gn+1(z)))
end if
> Return one token from M,,, and n tokens from M,,.
t ~ p'(x)
return prefiz + [z1,...,2,, ]




Example implementation: Speculative-Sampling/speculative_sampling.py

e [ Sample y guesses x1....,y from Mq autoregressively.
e [ Run Mp in parallel.

o Input: [n_batch, y] / int32

o output:[n_batch, y, n_vocab] / float32
e [ Determine the number of accepted guesses n.

o Control flow changes depending on the calculation.
e > Adjust the distribution from Mp if needed.
e Sample from the adjusted distribution
e [ Return one token from Mp, and n tokens from Mgq.
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3. Analysis




3.1. Number of Generated Tokens
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Figure 2. The expected number of tokens generated by Algorithm 1
as a function of « for various values of .

Vertical axis: The humber of
tokens generated per single
speculative decoding step

v: The number of tokens
generated by the draft model.
a: The degree of alignment
between the probability
distributions of Mg and Mp
So, red line should be close to
(ata=1.0.



3.2 Calculating a
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3.3. Walltime Improvement
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3.4. Number of Arithmetic Operations
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3.5. Choosing y (= ENETFHITNIE L VDD
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Figure 3. The optimal v as a function of « for various values of
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3.6. Approximation Models
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4. Experiments




4.1. Empirical Walltime Improvement

Table 2. Empirical results for speeding up inference from a T5-

XXL 11B model.

TASK M, TEMP v « SPEED
ENDE T5-SMALL % 0 G 3.4X
ENDE T5-BASE 0 7 0.8 2.8X
ENDE TS5-LARGE 0 A 1.7X
ENDE T5-SMALL % | 7 062 2.6X
ENDE T5-BASE 1 5 0.68 2.4X
ENDE TS5-LARGE 1 g Al 1.4X
CNNDM T5-SMALL % 0 5 0.65 3.1X
CNNDM T5-BASE 0 5 73 3.0X
CNNDM T5-LARGE 0 3 0.74 2.2X
CNNDM T5-SMALL % 1 5 10:53 23X
CNNDM T5-BASE 1 3 055 2.2X
CNNDM T5-LARGE 1 3 10:56 1.7X
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T5-XXL (11B)
T5-Large (800M)
T5-Base (250M)
T5-Small (77M)



4.2. Empirical a Values

Table 3. Empirical o values for various target models M,,, approx-

imation models M, and sampling settings. T=0 and T=1 denote f' N S ’0 I S " s\ _“
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GPT-LIKE (97M) BIGRAM =1 0.05 52 L < ‘A aRl B '
GPT-LIKE (97M) GPT-LIKE (6M) T=1 0.89
T5-XXL (ENDE) UNIGRAM T=0  0.08 7 |‘| o\ \ W \ e\
T5-XXL (ENDE) BIGRAM T=0 0.20 . | % ) L\— \l ; 1 1 O O \' @ % )
T5-XXL (ENDE) T5-SMALL T=0 0.75
T5-XXL (ENDE) T5-BASE T=0 0.80
T5-XXL (ENDE) T5-LARGE T=0 0.82 Y ‘?
T5-XXL (ENDE) UNIGRAM T=1 0.07 2 » '=' \, \1: I;Rl_l_\ & %E?% 2 » % %
T5-XXL (ENDE) BIGRAM T=1 0.19
T5-XXL (ENDE) T5-SMALL T=1 0.62
T5-XXL (ENDE) T5-BASE T=1 0.68
T5-XXL (ENDE) T5-LARGE T=1 0.71
T5-XXL (CNNDM) UNIGRAM T=0 0.13
T5-XXL (CNNDM) BIGRAM T=0 0.23
T5-XXL (CNNDM) T5-SMALL T=0 0.65
T5-XXL (CNNDM) T5-BASE T=0 0.73
T5-XXL (CNNDM) TS5-LARGE T=0 0.74
T5-XXL (CNNDM)  UNIGRAM T=1 0.08
T5-XXL (CNNDM) BIGRAM T=1 0.16
T5-XXL (CNNDM)  T5-SMALL T=1 0.53
T5-XXL (CNNDM) TS5-BASE T=1 0.55
T5-XXL (CNNDM) T5-LARGE T=1 0.56
LAMDA (137B) LAMDA (100M) T1=0 0.61
LAMDA (137B) LAMDA (2B) T=0 0.71
LAMDA (137B) LAMDA (8B) T=0 0.75
LAMDA (137B) LAMDA (100M) T=1 0.57
LAMDA (137B) LAMDA (2B) T=1 0.71
LAMDA (137B) LAMDA (8B) T=1 0.74
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