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def exercise5():

"""Marie ordered one chicken meal that costs $12, 5
packs of milk that costs $3 each, 4 apples that cost
$1.50 each, and some boxes of pizza. Marie paid a total
of $50. How many boxes of pizza did Marie order if each
box costs $8.507""

total_paid = 50
cost_of_pizza_per_box = 8.50
cost_of_meal =12
cost_of_milk_per_pack =3
cost_of_apples_per_apple = 1.50
packages_of_milk = 5

return float(total_paid - cost_of_meal - cost_of_milk_per_pack *

packages_of_milk - cost_of_apples_per_apple *
4) / cost_of_pizza_per_box
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More Likely Samples

When T < 1, we bias sampling
towards high likelihood regions
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When T=0, we compute argmax



More Likely Samples

When T < 1, we bias sampling
towards high likelihood regions

logpr(z) =logp(x)/T — log Z,,

When T=0, we compute argmax

But...



Myopic Iemperature

But current LMs temperature scale one token at a time...

T=0, greedy decoding

The

/

myopic
argmax




Myopic Iemperature

But current LMs temperature scale one token at a time...

T=0, greedy decoding

The thing

/

myopic
argmax




Myopic Iemperature

But current LMs temperature scale one token at a time...

T=0, greedy decoding

The thing is

/

myopic
argmax




Myopic Iemperature

But current LMs temperature scale one token at a time...

T=0, greedy decoding

. . ] 1 myoplc ; i
The thing s og pr(z #Z og pr’ T (zilz<i)

/

myopic
argmax



Myopic Iemperature

But current LMs temperature scale one token at a time...

T=0, greedy decoding
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Pitfall of Myopic Temperature Scaling

Prompting language model with temperature=1.0

Prompt: Please choose between

"tap cabinet'

rn
’

close door", "tap door".

LLM
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"tap cabinet"

0.3

"close door" 0.3
"tap door" 0.3
other 0.1

temperature scale to
remove unwanted answers
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Pittall of Myopic Temperature Scaling

Prompting language model with temperature=1.0

"tap cabinet" 0.3

Prompt: Please choose between

"close door" 0.3
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myopic temperature scaling
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rescale joint probabilities
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[ tap cabinet I close door I tap door ]

long horizon temperature scaling

temperature scale to
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Pittall of Myopic Temperature Scaling

How do we temperature

scale over a long sequence?

rescale joint probabilities

I
I | I | I |
[ tap cabinet I close door I tap door ]

long horizon temperature scaling
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"tap door" 0.33
other 0.0
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Non-myopic Temperature Scaling
For Optimizing Long Sequences
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log p(z)
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Objective: Dgr(prllar) = Exnpr| —log qr(x)] — log Z,..

22



Long Horizon Temperature Scaling

N

P P qr
data model mm)  temperature
distil scaled model

Want: logpr(z) =logp(z)/T —log Z,.,

1
08p(@) _ log g7 ()] — log Z,,,

AN /

constant, can ignore

Objective: Dxr(prllgr) = Ezepy|
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Long Horizon Temperature Scaling
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but sampling from pr is hard
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Objective: —E, .. [log qr(x)]
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. E:C ~D . (x ) [10 gqr ( x) ] < importance sampling
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Long Horizon Temperature Scaling

N

P P qr
data model mm)  temperature
distil scaled model

Objective: —E, ., [log qr(x)]
6log p(x)/T—log Z .,

. Ew . ) (x> [10 gqr (ZU) ] < importance sampling
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Long Horizon Temperature Scaling

N

P p dr
data model mm)  temperature
distill scaled model

Non-myopic Applicable to all

likelihood-based models

1 -1T

Objective: —E; .5 exp( log p(x))[log gr(x)]
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Variance Reduction: the clean
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Variance Reduction: the clean

Learnable Baseline

multiplicative constant

~

1 1 -T
(@) log qr(x)] b= D] ;) 7 log p(x)

.

Suffix likelihood and Index-dependent Baseline (for AR models)

: 1 1-1T
how are you | doing | today b(1) = W Z T log p(z>4|r<i)
xeD




Variance Reduction: the messy
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Variance Reduction: the messy

Weight clipping

1 —
CLIP (exp( 7
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Horizon clipping (for AR models)
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log p(x;|x<;)

log p(x5|x<i)

log p(xxi]|x<i)

how are you | doing | today
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log p(x;|x<;)

log p(x5|x<i)

T
1-T
T

log p(xxi]|x<i)

log p(x2ilx<i) — b(Q)

how are you | doing | today
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-1 0 -1 +2 +1

log p(z>i|T<i) — b(2))log g7 (T>;|T<;)]
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add baseline
e.g. 3 * len(suffix)
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Ditfusion Image Models
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reduce noise of reverse diffusion

Better likelihood vs
diversity tradeoff!
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Autoregressive Character Models

myopic temperature scaling
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Autoregressive Character Models
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Autoregressive Character Models

log-likelihood
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Autoregressive Language Models
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Autoregressive Language Models

Analogy Multiple Choice

Question: Please choose the word pair that is most analogous to “Athens Greece”.

Choices: “Moscow Japan”, “Rome Italy”, “Moscow Pakistan”, “Moscow Australia”

B | |

Question: Please choose the word pair that is most analogous to "boy girl".

"n.n nn nn

Choices: "grandfather grandmother", "grandfather bride", "son grandma", "grandfather sisters”

o | |



Autoregressive Language Models

Analogy Multiple Choice

model gpt2 small gpt2 medium gpt2 large
myopic T 1.0 0.5 0.0 | 1.0 0.5 0.0 | 1.0 0.5 0.0
LHTS T'=10.9 0.177 0.224 0.230 | 0.225 0.270 0.275 | 0.249 0.310 0.317 ~_
pretrained 0.189 0.267 0.275 | 0.200 0.262 0.264 | 0.203 0.279 0.290 10%
partition (Quark) | 0.137 0.221  0.233 | 0.197 0.264 0.270 | 0.213 0.279 0.285  improvement
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