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Original Model (265 tokens)

First, I need to determine the total amount Keegan
and Tashay have earned so far by adding their indi-
vidual earnings. Keegan earned $ 83, and Tashay
earned $ 91. Adding these together gives: 83 + 91
= 174 Next, I’ll subtract their total earnings from the
goal of $ 200 to find out how much more they need to
earn: 200 - 174 = 26 Therefore, they still need to earn
$ 26 to reach their goal. </think> To determine how
much more Keegan and Tashay need to earn to reach
their goal of $ 200, follow these steps: 1. **Calculate
the total amount earned so far:** Keegan’s earnings
+ Tashay’s earnings= $ 83 + $ 91 = $ 174 2. **De-
termine the remaining amount needed to reach the
goal:**

Goal — Totalearned = $200 — $174 = $26

Therefore, they need to earn an additional to
reach their goal.

Ours (54 tokens)

First, add Keegan’s and Tashay’s earnings: $ 83 + $
91 =$ 174 . Subtract this from their goal: $ 200 - $

174=$26.[26]
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Models GSMBK MATHS500 AIME2024

DeepSeek-R1 Accuracy Tokens Accuracy Tokens Accuracy Tokens
Original 76.5 % 720 82.9 % 5446 27.7% 15643

PE 75.1 % 738 83.1 % 5054 333% 15892

1.5B  Efficient 85.4 % 702 83.2 % 3641 333% 15087
Ours 86.3 % 411 85.1 % 3606 337% 13327

Original 92.6 % 1629 92.4 % 4141 54.7% 12816

PE 87.7 %o 619 91.4 % 3614 49.7% 13783

7B Efficient 89.2 % 226 90.7 % 2329 48.7 % 9721
Ours 90.1 % 218 91.3 % 1906 55.7 % 9056
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Models ‘ Accuracy ‘ Average Tokens ‘ Compression rate

Original 91.4 % 298 1.00
Tokenskip | 89.9 % 217 0.70
Ours 90.3 % 182 0.61
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Model « Tokens Acc Model « Tokens Acc Model o Tokens Acc

R1-1.5B 1 516 84.5% RI1-1.5B 1 3558 83.2% RI1-1.5B 15275 31.0%
R1-1.5B 2 593 86.2% RI1-1.5B 2 3606 85.1% RI1-1.5B 13986 33.3 %
R1-1.5B 3 421 850% R1-1.5B 3 2867 81.5% RI1-1.5B 12000  28.7 %
R1-1.5B 4 352 85.7% R1-1.5B 4 2811 80.3% RI1-1.5B 12673  28.0 %
R1-15B 5 411 86.3% R1-1.5B 5 3350 819% RI1-1.5B 13327  33.7 %
R1-1.5B 20 246 81.6 % RI1-1.5B 20 2620 77.5% RI1-1.5B 20 12192 283 %
RI1-1.5B 30 205 79.8% RI1-1.5B 30 2569 746% R1-1.5B 30 12391 21.7%

DN B~ W =

Table 3: 1.5B-GSM8K Table 4: 1.5B-MATHS00 Table 5: 1.5B-AIME2024

Model « Tokens Acc Model « Tokens Acc Model « Tokens Acc

R1-7B 1 429  91.6% R1-7B 1 2015 912 % R1-7B 1 9301 55.0%
R1-7B 2 325 92.0 % R1-7B 2 1977 90.0 % R1-7B 2 8383  53.7 %
R1-7B 3 182 91.2% R1-7B 3 1744 90.3 Y% R1-7B 3 10863 55.7 %
R1-7B 4 218 90.1 % R1-7B 4 1906  91.3 % R1-7B 4 9058  55.7 %
R1-7B 5 291 91.7 % R1-7B 5 2009  89.0 % R1-7B 5 8458  54.0 %
R1-7B 8 139 919 % R1-7B 8 1362 88.5 % R1-7B 8 9618  50.7 %
R1-7B 10 133 87.6 %o R1-7B 10 816 789 % R1-7B 10 7242 423 %
Table 6: 7B-GSM8K Table 7: 7B-MATHS00 Table 8: 7B-AIME2024
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