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Out-of-Distribution Sequences are Difficult to Access
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The Embedding Space of a Transformer Carries Meaningful
Information

But transformers have finite precision! Indeed, they operate on a finite number of
bits.
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Formalizing the Intuition: There Is Only a Finite Number of
Possible Inputs

...

→ When n >
(

lnC(ε)
ln |V|

)
m, some sentences of length n are inaccessible.

→ The proportion of accessible sequences decreases exponentially fast with
n past this capacity limit.
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Validating our Results through the Cramming Task

Goal: compress a long sequence into a shorter prompt.

Given a text X ∈ Rd×n, find a prompt [mem] ∈ Rd×m with m ≪ n such that

τ([mem]) −→ X.

Figure 1: Scaling between the memory size and the number of encodable tokens.

Y. Kuratov et al. (2025). “Cramming 1568 Tokens into a Single Vector and Back Again: Exploring the Limits of
Embedding Space Capacity”. In: Proceedings of the 63rd Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers)
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What the Theory Predicts

→ For a fixed prompt length m, the proportion of accessible sequences of
length n decreases exponentially fast with n past a given threshold.

→ This threshold scales linearly with m.

→ We provide an upper bound on the linear scaling factor.
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Cramming Tokens: Theory vs Practice (Qualitative)

Left: exponential decrease in accessibility past a given threshold.

Right: linear scaling between threshold and m.
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Figure 2: n: output length
m: input length
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Cramming Tokens: Theory vs Practice (Quantitative)

We analyse how tight the theoretical upper bound is by computing the ratio with
the empirical slope. More complex theoretical analysis yields better bounds.

Pythia Qwen-2.5 Llama-3.2 Gemma-3

160M 410M 1B 0.5B 1.5B 1B 270M

9.24 9.79 7.77 14.1 20.4 14.3 11.52
9.10 9.60 7.70 14.01 20.34 13.98 11.24
7.92 8.15 6.12 10.96 15.30 11.86 11.12
6.66 5.99 4.56 7.92 10.82 10.71 8.79
8.65 9.83 7.71 12.32 18.81 14.63 13.42
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Conclusion

Main Takeaway

→ Despite representing only a fraction of a transformer’s parameters, its
embedding space closely characterizes its performance on some tasks.
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