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Algorithm 1 Pseudocode for Training of PRT

1:
2:

3
4
5
6
7T
8
9
0:
1:

Given: training data S = {(z1, 1), , (@m, ¥m) }s
a reward model r(z; 0),

a pretrained model 7, (-|z) = softmax( f(z;6pt)).

: Initialize 6.
cfori=1,..,mdo

vy + logsoftmax(f(x; Ope)) + r(z:30).
ps  softmax(vg)
Ly + CE(po, i)
Update 6 with the gradient of £;.
end for
return 6.
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Algorithm 2 Pseudocode for Inference of PRT

U S

Given: an input z, the trained reward r(x; ),
a pretrained model 7, (y|z) = softmax(f(m; gpt)),
Vv « log softmax(}:(m; gpt)) + r(z;0).
p + softmax(V)
return p as the output probability conditioned by z.
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Proposition 3.2. Suppose that T, (y|x) is close to Ty (y|z),
i.e., Dy, (mpe(-|z) || Tpe(-|x)) < €. Additionally, we as-
sume that the maximum and mean value ratio of the ex-
ponential reward, i.e., max, exprg(z,y)/E, exprg(z,y),
is bounded by some constant C. Then, the PRT models
7o (y|z) and g (y|x) are also close as distributions:

Dxu. (ms(ylz) || To(ylz)) < O(Ve).
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Model Response

Question: James has 6 more candies than Robert. John
has twice as many candies as Robert. If John has 54
candies, how many more candies does John have than
James?

Answer:

Let R be the number of candies Robert has. John has 2R
candies. James has 6 + R candies. We know that John
has 54 candies, so 2R = 54. R =27. James has 6 + 27
=33 candies. John has 54 - 33 = 21 more candies than
James.

o e
o @

Probability
=
=
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Probability
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I

— e 33" 27"
Mext Token Candidates

wmore 4T T pin
Next Token Candidates

(a) Next Token Candidates (b) Next Token Candidates
Following ... John has 2R Following ... R = 27.
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Figure 5: Changes in next-token probabilities by PRT.
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Models | FT PRT
Peak GPU memory 12.84 GB 13.08 GB
ResNet-30 Average time per batch ‘ 382643 6o ms  46.36.334 ms
VIT-B-16 Peak GPU memory ‘ 20.17 GB 20.58 GB

Average time per batch | 116.10443 ms 151.131( 45 ms
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Source Models Target Models | Target FT (Oracle) EFT PRT
ResNet-50 VIT-B-16 Af:rf;ee tli)n':nlen;)i:nggch 3.521 iﬁn(.]l? ms 10.22712 00.;32 ms mg 'foﬁz ms
ResNet-30 VITL-14 Affrif ;E:;Irnggch 5.852 ‘isoﬁ? ms 12.5‘;‘:1: [)G.2Bl ms 9.4?? 'iooig ms
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VITBI6 LAION28)  WFL14@AIoN2B) (8 ST O | Mot me  1L73 0.5 8894 001 ms
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Average Time per Token (ms)
Source Models Llama2-7B Llama3.2-1B Llama3.2-3B
Target Models Llama2-13B Llama3-8B
Pretrained 26.040.2 171491
EFT 39.8.40.1 (X 0.65) | 24.4.02(x0.7) 30.4.0.0(x0.56)
PRT 278105 (x 093) | 22.7418(x0.75)  23.141.0(x0.74)
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