The Token Tax: Systematic Bias in Multilingual Tokenization
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The Problem: The Token Tax Performance Gaps Across Languages
Tokenizers trained predominantly on English fragment morphologically rich Model g IS e
languages into more tokens, inflating compute costs and degrading accuracy. ot provow 4 0012 ot proviow F4 0012
The transformer’s quadratic O(n?) scaling turns this into a “token tax” — a  &mnisioo O oy oz
prohibitive surcharge on training, inference, and CO, paid by billions of DespSeekV3-0024 s DeepSook V50324
claude-3-5-sonnet-202410 75 63 claude-3-5-sonnet-202410 7 70
Spe€a ke I'S. Qwen2.5-32B 79 78 55 86 Qwen2.5-32B 73 70
phi-4 77 66 45 phi-4 73 65
Pixtral-12B-2409 62 41 43 78 73 76 Pixtral-12B-2409 55 37 41 66 o8 71

aya-23-35B 57 42 43 67 69 66 aya-23-35B 44 35 28 41 51 65
4 >< Random 25 25 25 25 25 25 Random 25 25 25 25 25 25
Average Performance (all African Languages) \ Average Performance (all African Languages)

|

_ _ _ . e o1-preview-2024-09-12 67 72 01-preview-2024-09-12 67 72
African langs trail English on average Training cost per 2x fertility increase DeepSeek-R1 67 56 63 88 DeepSeek-R1 67 56 63 68
gemini-15-Pro-002 | 62 55 56 55 68 gemini-15-Pro-002 | 62 55 56 95 68
gpt-40-2024-08-06 62 48 58 58 67 gpt-40-2024-08-06 62 48 58 58 67
0 DeepSeek-V3-0324 54 49 47 45 54 DeepSeek-V3-0324 54 49 47 45 54
Llama-3.1-4058 51 69 45 42 41 59 Llama-3.1-405B 51 69 45 42 41 59
2 O- 5 0 /O 1 8 p p claude-3-5-sonnet-202410 50 59 46 48 43 52 claude-3-5-sonnet-202410 50 59 46 48 43 52
Qwen2.5-32B 39 53 34 27 31 50 Qwen2.5-32B 39 53 34 27 31 50
Accuracy variance explained by fertility MMLU accuracy drop per extra token per word phi-4 37 44 36 29 29 48 phi-4 37 44 36 29 29 48
Pixtral-12B-2409 33 35 31 30 31 39 Pixtral-12B-2409 33 35 31 30 31 39
aya-23-35B 24 26 20 19 24 28 aya-23-358B 24 26 20 19 24 28
Random 25 25 25 25 25 25 Random 25 25 25 25 25 25
Performance Gap (English - African Languages) Performance Gap (French - African Languages)
01-preview-2024-09-12 15 11 8 19 22 15 o01-preview-2024-09-12 13 5 8 18 20 15
DeepSeek-R1 23 12 9 23 DeepSeek-R1 20 8 12 23
Setup gemini-15-Pro-002 26 15 14 24  gemini-15-Pro-002 23 8 10 23
gpt-40-2024-08-06 26 15 20 24  gpt-40-2024-08-06 21 8 12 24
DeepSeek-V3-0324 - 20 18 DeepSeek-V3-0324 - 13 14
: : : Llama-3.1-4058 16 21 30 Llama-3.1-405B 13 18
» Benchmark: AfriMMLU — 16 African languages, 5 subjects, 9,000 cavde 35 somet 202410 <l 20 B ccesseomezzooil 0 7
. . . Qwen2.5-32B 25 22 Qwen2.5-32B 17 21
multiple-choice questions ohicd - 2 9 ohicd - 21 1
Pixtral-12B-2409 29 6 12 Pixtral-12B-2409 22 2 10
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LLMs (Llama 3.1 405B, GPT-40, Gemini 1.5 Pro, Claude Sonnet 3.5, and (a) vs. English baseline (b) vs. French baseline
others) Figure 1. Baseline performance shows English (a) and French (b) accuracy (in percentage

points). The mean accuracy across all 16 African languages is shown in the middle charts of (a)

» Metric: Fertility F = T /W (tokens per word). Higher fertility = worse

performance and higher cost and (b). The bottom charts of (a) and (b) show performance gaps between the African

languages and higher-resource languages, though reasoning-oriented models narrow this gap.

Fertility Predicts Accuracy (Llama 3.1 405B)

Economic Impact of Token Inflation

Because transformer training scales quadratically with sequence length, a 2% 1‘0295 P PO pf'0'5;5 . P e
increase in fertility produces a 4 increase in training time and cost. R \ \'\j\- \\ \\
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Llama 3.1 405B $105M $420M $2.6B Figure 2. Fertility and accuracy for Llama 3.1 405B across subjects. Strong negative
Training costs scale quadratically with fertility. correlations (p) demonstrate systematic performance degradation with tokenization inefficiency.
Provider Model English $ Language X (N2><) Fertility captures tokenization inefficiency that covaries with performance, but does not isolate
causal effects independent of pretraining data availability or quality.
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